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Abstrakt

Kreditni riziko je nejdlezitéjSim rizikem pro finatni instituce na celém &i.
NejdalezitejSi a zarove nejhife nefitelnou slozkou kreditniho rizika je prasgbdobnost
defaultu (nedodrZeni smluvnich zavayk z ni plynouciho bankrotu firmy.

Ve své diplomové praci ,Mertéw model kreditniho rizika a jeho pouzitelnost
v Ceské republice* se podrofjn zabyvam fiznymi metodami rééeni kreditniho rizika.
Hlavnim cilem této prace jergustavit v Evrop mére znamy Mertodv model kreditniho
rizika, ktery vyvozuje pravipodobnost defaultu na zakkadolatility a trzni hodnoty akcii a
kriticky ohodnotit jeho pouzitelnost @eské republice. Aby bylo mozZné tento model sptavn
aplikovat, ¥nuje se podstatnéast této prace teoretickému odvozeni tohoto modidkusi
predpokladi, na kterych model stoji, moznosti jeho vylepSentedkovym vyhodam a
nevyhodam modél zaloZzenych na vyvoji hodnoty firmy dase. Aplikace tohoto modelu
spaiiva ve vypgitani pravdpodobnosti bankrotu pro patnact nejlikwgich nefinatnich
firem kotovanych na Prazské burze cennych gap¥iysledky jsou porovnany s dalSimi
metitky kreditniho rizika, kterymi jsou Altmanovda Ohlsonovad skore, rankingy a ratingy
piidélené mezindrodnimi ratingovymi agenturami. Vysledkhoto srovnani nazdaji, Zze
tradicni metody ndieni kreditniho rizika zaloZzené na fiach vykazech dokazi postihnout
skute&nou finargni situaci podniku lépe neZzli Mertbw model.

Aby bylo tyto za¥ry ze srovnavaci analyzy mozné kvantifikovat gituwypovidaci
schopnost jednotlivych modegl aplikuji ,ordered logit* regresi, kdy vystlovanou
promennou jsou Czech Sector Awards rankingy a nezavispgnmmennymi jsou jednotlivé
vypccitané ukazatele kreditniho rizika. Vzorek analyzoidn spolénosti je pilis maly a
rankingy jsou pilis Spatné odhady ,skuteého” kreditniho rizika firem nez aby mohly byt
vysledky této analyzy povazovany za spolehlivé.nic¢ se vysledky regrese shoduji se
zawry uc¢inénymi na zaklad srovnavaci analyzy.

Hlavni zavr této diplomové prace je konstatovani, Ze Mertomodel kreditniho
rizika v podminkactCeské republiky s mladym a pémé malo likvidnim akciovym trhem
sice obsahuje dgkteré informace o mé kreditniho rizika firem, avSak v stasné dob je
nedostaténym ukazatelem pra¥godobnosti defaultu.



Abstract

Credit risk is the most important risk that finaldnstitutions all around the world
have to face. Even though the credit risk considtseveral components, none are more
important and more difficult to measure than thabability of default.

In my diploma thesis “The Applicability of MertamCredit Risk Model in the Czech
Republic” | take a closer look at several methotisneasurement of default probability. |
start with the traditional accounting-based meth@dsnan’s Z and Ohlson’€D) and present
the methodology of credit ratings. But the mainu®of this work lies on the Merton model,
which derives the probabilities of default for poh traded companies mainly from the
prices and volatility of equity. | discuss the mbsl@ssumptions, derive the key formulas,
give step-by-step directions for its actual impletagon and discuss thoroughly the model’s
advantages, limitations, improvements and prevesuapirical tests of model quality.

Building on this theoretical ground, I compute thierton-implied probabilities of
default for Czech companies that are listed (anively traded) on the Prague Stock
Exchange. | compare the obtained results with taditional indicators of credit risk,
Altman’s Z- and Ohlson’d0- Scoreswith both original and updated coefficients, andhwi
credit ratings from external rating agencies an@dizSector Awards rankings. Based on
these comparisons, | find that the traditional actmg-based measures are better predictors
of the “real” situation of the company’s creditkiithan the Merton model.

| discuss the possibilities to test the qualitytteé respective credit risk measures and
perform an ordered logit regression on the compankings using these measures of credit
risk as explanatory variables. Because of smallpdasize and lack of dependable ground for
model quality assessment, the results of the test@t statistically reliable. Nevertheless, the
results obtained from the regression match thelosions of the qualitative analysis.

The bottom line of this work is that the Merton aebcan under the conditions of a
young and rather less liquid Czech capital marketemqtially be used as a source of
information about the underlying credit risk buésle default probabilities are, as for now, an
insufficient measure of credit risk and some othwedels for the assessment of default

probability should be used instead of or in additio the Merton model.
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1. Introduction

All types of financial institutions around the Wibare exposed to many different types
of risk. These risks can be generally categorizeanarket, operational, liquidity, systemic
and credit risk. For banks and other lending ingths around the world;redit risk has
always been themost important risk ever since the first credit had been extended.

In the Czech Republic, credit risk is also the nmagk factor for financial stability,
especially with respect to the growing share oh#oan the banks’ total assétShe total
volume of loans granted by banks in the Czech Réepbbs reached by the end of 2005 a
total of CZK? 1,186 billion, which is about 40% of GDFOut of this volume, 11.73% were
marked as classified loans and 4.3% as non-pemgrtisians: This relatively high share of
classified and non-performing loans on the bankstfplios only underlines the importance
of correct measurement and management of creljtespecially to banksBut before going
further into the techniques of credit risk assesgimeis important to look at what credit risk
actually is.

Credit risk can bedefined as theisk of loss on a financial or non-financial
contract due to the counterparty’s failure to meetits obligations on that contract®
Because there are many types of counterparties (individuals to companies and sovereign
governments) and many different types of obligati¢gfrom consumer loans, bank loans,
bonds to derivatives transactions) credit risk satte many forms. In this paper | focus on the
credit risk associated with companies. To give tiebedea about what credit risk on the
corporate level actually means, let's consider rikbahich is extending credit to a company.
From the bank’s perspective, credit risk is thie asnot having the loan repaid in full. As itis
clear, credit risk has many different elements. Tirst element is the probability that such
event will happen- the probability of defdul&nother factor is the amount of money lost

when such default occurs, because default can dsotr with the first as with the last

! CNB, Financial Stability Report (2005)

2 CZK is an abbreviation for Czech crown. As of the beginning of January 2007 the exchange rates
were CZK/EUR=27.5 and CZK/USD=20.75.

® Out of which CZK 526 billion (18% of GDP) were loans to the non-financial corporate sector.

* CNB, Banking supervision (2005)

> E.g. Pirner (2003) estimates that credit risk represents 60-70% of the banks’ risk profile.

6 http://www.riskglossary.com/link/credit_risk.htm

" The term “Default" means that a debtor has not met its legal obligations according to the debt
contract, which may occur if the debtor is either unwilling or unable to pay this debt (or has violated a
covenant). Therefore, the term default should be distinguished from the terms insolvency and
bankruptcy. "Bankruptcy” is a legal finding that imposes court supervision over the financial affairs of
those who are insolvent or in default. But for the scope of this paper, default immediately implies
bankruptcy, and therefore default and bankruptcy are considered to be equivalent terms.



repayment of the loan. The probability and valupant of changes in default probability- the
migration risk (e.g. a loan to company that is apphing financial distress is losing on its
value) has to be considered as well. Moreover, wdealing with a portfolio of companies,
other factors, such as default correlations (thgreke to which the default risks of the
individual borrowers are related to each otherl] arposure of the portfolio (the size, or
proportion, of the portfolio exposed to the defaidk) have to be taken into account as well.

But even though all of these elements are crittcalthe management of credit
portfolios, none are more important or more difficto determine, than thelefault
probability 2 There exists a large number of methods, how tesasthe likelihood of such
event. The first formalized and widespread methualge been the scoring methods building
on accounting data, such as the Altma#r‘sor Ohlson’sO- Scoreswhich remain popular
until today. Other, more recent methods, such estédit ratings, methods based on Value-
at-Risk (e.g. CreditMetrics) or models built on mmeconomic variables (e.g. CreditPortfolio
View) have evolved. One method, which is populgoeesally in the Anglo-Saxon countries,
builds on the originalMerton’s model, proposed by Robert C. Merton (1974), and is
currently promoted by Moody’'s KMV.This method determines the default probability
mainly from market price and volatility of its equity. The idea to view the company’s
equity as a call option on the company’s assetstangredict default from the value and
volatility of assets (inferred from the value andlatility of equity) in relation to a
predetermined Default Point (e.g. the face valua aero-coupon bond or the firm’s total
liabilities), has been revolutionary and is vergmamically intuitive and appealing.

In my diploma thesis, | decided to explore thisetsased approach awiscuss
thoroughly the Merton model. The goal is to bring this, in continental Européle
undervalued model of credit risk closer to the @z&epublic andiry to question its
applicability there. Using the share prices of 15 actively tadeon-financial Czech
companieslisted on the Prague Stock Exchange (PSE)prhpute the Merton-implied
probabilities of default for these companies, as well as the theoretiealitspreads.

The Prague Stock Exchange is developing fast enldkt years in terms of market

capitalization of traded stock as well as tradindumes'® Nevertheless, | anticipate that the

® Crosbie and Bohn (2003)

® KMV was founded in 1989 by Stephen Kealhofer, John McQuown and Oldrich Vasicek. In 2002,
KMV was acquired by Moody’s and was renamed Moody’s KMV.

19 As of 31 December 2005, the market capitalization of stocks traded on PSE was CZK 1,1331 billion
with the trading volume reaching CZK 1,574.4 billion, which is a 36.4%, respectively 34.3%, year-on-
year increase. [CNB, Czech Capital Market Report (2005)]



Czech stock market is too young and smdfi to give sufficient information about the
default probability of the companies listed on thd°SE

| compare the default probabilites of the Merton moal with traditional
accounting-based measures, Algnan’s Z- and Ohlson’sO- Scores with both original and
updated coefficients. | also confront the compuieababilities of default with rankings and
credit ratings from external rating agencies.

| discuss the possibilities of testirthe explanatory power of the calculated
Merton-implied default probabilities in comparison to the explanatory power of
traditional scores. Despite the fact that no solid ground for such é&xists and the extremely
small sample size, | carry out andered logit regressionusing the computed measures of
probability as explanatory variables and the Cz&dctor Awards rankings as discrete
response variable. The main purpose of this tesb igive apractical illustration of the
theoretical concepts of rating models. In otherdgpthe empirical test in this paper is more
of a guide to how such a test should be carried(@gt when a sufficient dataset of listed
companies and external ratings is available) rdtiear a source of reliable results.

The diploma thesis is structured as follows

Chapter 2 presents the traditional accountingdasering functions of Altman and
Ohlson together with a brief discussion of themitations. The next Chapter 3 sheds some
light on how the credit ratings are assigned andtvaine the reasons of their popularity. The
following and pivotal Chapter 4 presents the assiong and derivation of the Merton model.
Especially the step-by-step approach to obtairegréquired model inputs and to computing
the default probabilities can be found very usefilie discussion on the advantages and
problems of this model and some model improvemesuish as those of Moody’'s KMV, are
included as well. This chapter also gives a briefroiew of the previous empirical tests of
the model quality. The actual calculations of thedel-implied probabilities of default and
the comparison with other measures of credit rahnf Chapter 5. Chapter 6 starts with a
discussion on various tests of model quality andbatered logit regression is carried out.
Chapter 7 summarizes and concludes the paper.

All of the necessary model inputs as well as th&uations of the accounting

measures of credit risk can be found on the Exmelaglsheets in Attachment 1. | include the

' The Czech stock market is in international comparison relatively small with the total market
capitalization by the end of 2005 amounting to only 45% GDP. In the developed countries of “western”
Europe, these values range between 80-100% GDP [CNB, Financial Stability Report (2005)]



SAS codes and datasets used for calculating théoNenodel’'s default probabilities and for
the ordered logit regressions in the folder calttdhchment 2 so that the interested reader can
replicate my work.

2. Accounting based measures

Credit risk models based on accounting measures rtieasures derived from the
firm’s financial statements) adofatndamental analysisand try to pre-identify, which factors
such as cash flow adequacy, asset quality, eanmpé@nfprmance, or capital adequacy, are
important in explaining the credit risk of a compahThey evaluate the significance of these
factors, mapping a reduced set of accounting viesaliinancial ratios and other information
into a quantitative score- a scoring function adit risk. These traditional, accounting-based
models have been used for a long time and are imeldly the most popular and intuitive
means to measure credit risk on the academic gsddrthe reasons for their popularity are,
besides the economic intuition, thieplicity in terms of technical implementation andthe
availability of data. Sources of accounting data are for larger comganseially publicly
available and ratios are easy to compute and imterprhe main characteristic that
differentiates the individual traditional modelstie econometric method which was applied

for their estimation.

2.1. Beaver’s financial ratios

Beavet* was the first scholar, who had performed an e&gesttidy of financial ratios
as bankruptcy indicators. He analyzed 30 diffefgraincial ratios aggregated into six groups:
cash-flow ratios, net income ratios, debt to tesdet ratios, liquid asset to total asset ratios,
liquid asset to current debt ratios, and turnoaéps. All 30 ratios were tested for their ability
to predict bankruptcy. As a result, seven ratiolsictv exhibited the best performance, were
identified. Among them were six accounting ratiogl ane accounting meastire.

!2 Benos and Papanastasopoulos (2005)

13 Chartkou et al. (2006) citing Penman (2003)

* Beaver (1966)

> These include: 1) Cash flow/Total debt; 2) Net income/Total assets; 3) Total debt/Total assets; 4)
Working capital/Total assets, i.e. (Current assets — Current liabilities)/Total assets; 5) Current ratio,

10



The most important contribution of Beaver's studgyas the development of
methodology employing accounting data for companf@ggure prediction. Beaver has
introduced the univariate approach of discriminantlysis in bankruptcy prediction by
examining the predictive ability of ratios one atirme® But the practice revealed that this
method suffers from a number of deficiencies, ngm#iere are too many ratios to be
considered and combination of different ratios leave different implications.

This issue called for a method cdmbining ratios into one composite scor¢hat
would indicate the overall creditworthiness of tlen. Several composite measures that
combine different accounting variables were intiat The most popular and still frequently

used measures are the AltmazScoreand theD-Scorederived from Ohlson’s modé.

2.2. Altman’'s Z-Score

Edward Altman introduced in the year 1468 composite credit score model (called
Z-Scoré based on multiple discriminant analysis. He cdeisd various combinations of 22
variables before choosing the five with the highmsidictive power. The resulting model
takes the following form:

1) Z-Score=1.2(VLC)+1{ RE) 3.% EB”] é J+ ogg{ Sale}
TA TA

where:

WC — working capital, TA — total assets, RE — m¢di earnings, EBIT — earnings before

interest and taxes, E— market value of ed@jiffL — total liabilities.

The result of the model is the predictat;Score that is a linear function of several
explanatory variables. This predictor classifie® thkelihood of bankruptcy or non-

bankruptcy as follows:

i.e. Current assets/Current liabilities; 6) No credit interval, i.e. (Defensive assets — Current
liabilities)/Expenditures for operations; 7) Total assets

Beaver’s results indicated that not all ratios predicted equally well. The ability of failure prediction
was the strongest in Cash flow/Total debt ratio and Net income/Total assets ratio predicted second
best. The result was expectable because both ratios are flow based and they show high correlation
W|th the firm’s performance.

" Some of the studies that utilize the Z-Score and/or O-Score are: Begley et al. (1996), Berger et al.
(1996), Burgstahler et al. (1989), Dichev (1998), Francis (1990), Griffin and Lemmon (2002), Han et al.
$1992) Stone (1991), Subramanyam and Wild (1996), and Hillegeist et al. (2004).

AItman (1968)

° Even though the market value of equity, E, is a market based variable, for the purpose of this paper,
the Z-Score is still referred to as accounting based.

11



Z-Score> 3.0 - The company is considered to be healthy- hagtky is unlikely
1.8<Z-Score<3.0 - Gray area- inconclusive result
Z-Score< 1.80 - Probability of bankruptcy is high.

Obviously, as the score decreases, the probabflinankruptcy increases and vice versa.
TheZ-Scoreis a powerful diagnostic tool that forecasts thabpbility of a company entering
bankruptcy within a 2 year period. Studies meagutire effectiveness of thé-Scorehave
shown that the model has a 70%-80% reliabffity.

2.3. Ohlson’s O-Score

The next model that achieved a worldwide impacs Wee credit scoring model by
Ohlson®* Ohlson used logit methodolo@yto derive a default risk model known @sScore
According to Ohlson, four factors affected the cleodf financial ratios, which are: size of the
company, measure of financial structure, measurpeoformance, and measure of current
liquidity. Ohlson chose nine different kinds of aoating measures, which reflected these
factors. Moreover, all of the nine accounting-basadables employed in the model were
found statistically significant. The probability afefault is increasing as th®-Score

increases.

oscrossz o e o) 1) of) 2

8(EB'TDA)+ 0.24NTWO)- 1.{DENEG- o( - tlj

NI, | +|NI_y|

(2)

where:

Size is inflation adjusted total asS&taVC — working capital, TA — total assets, TL —alot
liabilities, CL — current liabilities, CA — curremissets, NI — net income, EBITDA — pre-tax
income plus depreciation and amortization, INTWOindicator variable equal to 1 if

http /len.wikipedia.org/wiki/Edward_Altman

Ohlson (1980)

%2 probit (Logit) methodology weights the independent variables and assigns scores in a form of failure
and survival probability using the normal (logistic) cumulative function. These models can be also used
as a classification system and place the potential borrower into either a good or a bad group according
to a cut-off point. [Benos and Papanastasopoulos (2005)]

% |.e. In(TA/GDP price level index), where GDP price level index is the ratio of GDP by current
exchange rate to GDP by PPP.

12



cumulative net income was negative for the last twears or 0, if otherwise, OENEG —

indicator equal to 1 if book value of (owner’s) d@gus negative or O, if otherwise.

2.4. Z- and O- Scores with updated coefficients

Hillegeist et al. (2004) recently updated the Gorints of the original AltmarZ-
Scoreand OhlsorD-Scoremodels using an expanding rolling window appro®ch.

(8)  Z-Scoré =4.34+ 0. O{WCJ 0. 06 j+ ( EBITJ {Z_J é aIe)s
O-Scoré =-5.91+ 0.04 Sizp+ o.oélj+ o.c{lw—cj— o.éat%} 1.%9N—Q+
TA TA C T

{EB'TDAJ 0.0INTWO)+ 1.6DENEG- 1( L =Nl

NIt|+|NIt_1|]

Surprisingly, Hillegeist found that only two of@hAltman variables, VE/TL and

(4)

EBIT/TA, were statistically significant. For the 8bn model, eight of the nine updated
coefficients were statistically significant, butidi of the eight significant coefficients had
different signs than their original counterpartd #mese changed signs were not intuitive.
Hillegeist then compared the original Altm@nScoreand OhlsonO-Scoremodels
with Z-Scoreand O-Scoremodels with updated coefficients using a relatiméorimation
content test. He found th@-Scoreoutperformed-Score updatedO-Scoré was superior to
O-Scoreand originalZ-Scorewas better than updatefi Scor€ . His results also implied that
studies usin@Z-Scoreand/orO-Scoremay lack sufficient statistical power to yield iedlle

results.

2.5. Rankings

One way to assess and easily compare the solha#nogpre companies is the method
of ranking. Ranking is generally defirf@das the process of positioning items (such as
individuals, groups or businesses) on an ordinalesm relation to others. In the economic

sense, ranking is a method that comprises of agad list of placings (rankings) of

* These updated coefficients were estimated using a database of 78,100 firm-year observations
Srepresenting 14,303 individual industrial firms) with 756 initial bankruptcies.
> http://en.wikipedia.org/wiki/Ranking

13



companies within a group (usually either a coumtryndustry) subject to some predefined
criteria. Assigning rankings is purely quantitative method that uses the companies’
financial statements to create a scoring functiod according to the resulting score, the
companies are sorted in rank order.

In the Czech Republic, a nice example of suchrgptan be seen within the yearly
Czech Sector Awards (CSA) assigned®skia®® The CSA ranking evaluates the solvency
and investment attractiveness of the Czech comgab@sed on financial indicators
(profitability, liquidity, indebtedness and tradetigity) and gives these companies a ranking
(in form of an index) depending on how they plaeethin their given industry sectdf.The

scale of CSA ranking is depicted in the followingble 1:

Table 1: Czech Sector Award ranking scale

RANKING | DESCRIPTION OF RANKING CATEGORY INVESTMENT PROFILE
A-1 Excellent within industry
A-2 Very suitable within industry
A-3 Suitable within industry Iggﬁggyﬁ\g
A-4 Strong within industry INDUSTRY INDEX
A-5 Above-average within industry
A-6 Average within industry
B-1 Slightly below-average within industry
B-2 Less suitable within industry
B-3 Weak within industry ggichéﬁ‘?xg
B-4 Risky within industry INDUSTRY INDEX
B-5 Unsuitable within industry
B-6 Not investment-worth

Source: www.ranking.cz

The main advantage of rankings is that taagible an easy comparisoof otherwise
heterogeneous companies within the ranking groupgive a basic idea about the financial
health of these companies. However, as rankingaged on the financial statements, this

method inherits the drawbacks of the accountingdasodels.

% Cekia (Ceska kapitalova informaéni agentura, a.s., i.e. Czech Capital Information Agency) is a
leading provider of corporate databases and economic information in the Czech Republic.

" For more information about the CSA ranking, see the webpage www.ranking.cz, which is currently
unfortunately available only in Czech.
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2.6. Problems of accounting-based models %

Even though accounting-based measures of credit are very popular and
economically intuitive, using them brings severalljems. These models employ financial
statements data thaheasures past performanceof the firm. On the other hand, the
estimates of default probability are statementsualibe likelihood of future events and
relying on historical data may generate misleadiesults when projecting them into the
future.

Financial statements are formulated under gweng-concern principle which
assumes that firms will not default. Thus, theiiligbto accurately and reliably assess the
probability of bankruptcy will be limited already he design of these models.

Accounting conservatism distorts the real pictag well, because under the
conservatism principle the market value of assespdcially intangible and fixed assets) is
often undervalued. Such underestimation will caamunting-based leverage measures to be
overstated, which leads to overestimation of tlebability of default.

Another important deficiency of accounting modeistheir inability to capture a
measure of asset volatility Volatility is a crucial variable in bankruptcyeqatiction because it
incorporates the likelihood of default — the chati the firm’s asset value will drop below
its debt value. Other things being equal, the highe asset volatility, the higher is the
possibility that the value of assets will cross tieshold triggering default. Two firms with
identical financial ratios and leverage may havéstantially different probability of
bankruptcy depending on their asset volatilitilsergfore, volatility is an important omitted
variable in both the Altman’s Z and Ohlson’s O baupitcy prediction models.

As a result of these problems, the quality of aotimg models has been critically
questioned by a number of academic paperSherefore, relying solely on financial
statements for predicting the default probabilgynot sufficient. As a natural consequence,
other methods for the assessment of credit risk aolved. Among these, the credit ratings

play a dominant role.

8 partially based on Hillegeist et al. (2004)
* E.g. Hao (2006)
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3. Credit ratings

Credit ratings have evolved as successors ofréthtibnal models and are the most
common and popular measure of credit risk amongstors and practitioners. They enhance
the traditional accounting models taking into account thequalitative factors as well.

A rating can be defined as a formal opinion, givsna credit rating agency, of the
creditworthiness of an obligdf.This opinion is expressed in the form of a “marnkhich is
usually expressed by letters or numbers (or a coation of both). The credit rating is
applied not to an organization itself, but to iebtisecurities. However, it is usual to refer to

the creditworthiness of companies themselves ineites of the credit rating of their debt.

3.1. Public sources of credit ratings

External credit ratings are provided by speciabs$ing agencies. The most frequently
used and worldwide available credit rating systerase from the major rating agencies
Standard & Poor’s, Moody’s or Fitch IBCA. An illuation of the long-term rating scale from

Standard & Poor’s is depicted in Table 2.

Table 2 Standard & Poor’s long-term rating scale

RATING “ “ INVESTMENT
GRADE EXPLANATION OF THE “LETTER* RATING PROEILE

AAA Extremely strong capacity to meet financial comreitts. Highest rating.

AA Very strong capacity to meet financial commitments

Strong capacity to meet financial commitments,dmrhewhat susceptible to adverssg
A economic conditions and changes in circumstances

BBB Adequate capacity to meet financial commitments nbore subject to adverse
economic conditions

INVESTEMNT
GRADE

BBB- | This is the lowest rating before non-investmentigra

Less vulnerable in the near-term but faces majgoomy uncertainties to adverse
BB business, financial and economic conditions

- : - - T 0

More vulnerable to adverse business, financialemmhomic conditions but currently o

B has the capacity to meet financial commitments E S IJ)
Currently vulnerable and dependent on favorabléness, financial and economic 6 ';: o

CCC | conditions to meet financial commitments LS =
: Z00

CC Currently highly vulnerable ou i
NDpn g

A bankruptcy petition has been filed or similariaesttaken but payments or financial 6

commitments are continued

Payment default on financial commitments

Note: Ratings from 'AA' to 'CCC' may include a p(u$ or minus (-) sign to show relative standinghiitthe major rating categories.

Source: Standard & Poor’s

% The rated entity could be e.g. a government, government agency or a city, but for the scope of this
Eaper, only the ratings of companies and financial institutions are taken into account.
! Coyle (2000) pp. 25

16



In the Czech Republic, the most active rating ageis the CRA Rating Agency
(CRA)** with almost 80 assigned international ratingseifhating scale is depicted in Table
3 for both internationdf and local ratings and gives an interesting insigtd the different

interpretations of rating categories.

Table 3 CRA Rating Agency’s long-term international andala@atings

Long-term international CRA Rating Long-term local (Czech Republic) CRA Rating
Aaa | First-class with small grade of risk czAaa Flrst class subjects with very small risk and nability to fulfill
their debts
High quality, with moderate grade of risk in Very good subjects with high quality of repaymestsall risk
Aa a longer period czAa in long-term horizon
. e : Sound subjects with above-average ability to pak blaeir
Above average, with realities which could T L L.
A cause small grade of risk in the future czA |liabilities, 'fu'gure risk is small and could be chad by additional
characteristics
B Medium grade risk, with a stable present and B Medium-grade subjects with acceptable presentlbdipay
aa realities, which could influence future risk level CzBaa| pack its liabilities, some realities could changeufe ability
o Already speculative, with uncertain future c7Ba Subject with risk of repayment in the future andeab fulfill its
grade of risk present obligations
B Less suitable for investment, with problematic B Subjects with speculative present ability to pagkbiss
grade of risk €z obligations with risky future
Under average with problems in meeting its i ili i iabil&ievi i
Caa oblicat g p [¢] czCaa Not defined ability to repay its present liabilgievith problemati
gations future
c With high grade of risk and high measure c Very poor ability to fulfill its present obligatienwith high grade|
a | of failing in its obligations CZLa| ot risk in the future
Highly speculative without investment S . T
C recommendations czC | High risk and non stable subjects not able to resdiabilities

Note: Ratings from 'Aa’ to 'Ca' may be modifiedtby addition of a plus (+) or minus (-) sign to shahative standing
within the major rating categories.

Source: CRA Rating Agency

3.2. The purpose of credit ratings

The main purpose of credit ratings from exterrating agencies is tgrovide
information to investors. It works as a guide to the investment risk. Rejybn ratings,
especially from the prestigious rating agencidewal the investors to significantly lower the
costs associated with carrying out their own comg@aralyses. Small and individual investors
often rely solely on these ratings and can on #waount easily diversify their personal

% CRA is the biggest rating agency operating in Central Europe since 1998, and is the only regional
rating agency that has been officially recognized by the Commission for Securities in the Czech
Republic. CRA was bought by Moody’s in 2006 and recently renamed Moody’s Central Europe.

% The international CRA rating scale is similar to that of Moody’s, except that Moody’s uses instead of
the +/- signs the numbers 1,2,3 to show the relative standing within the category (e.g. Ba3).
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portfolios and match their personal risk profileveD the years, credit ratings have achieved
wide investor acceptance as convenient tools feereitiating credit quality?

On the other hand, companies pay considerable @fidio acquire rating from
prestigious rating agencies in order to attracestors and thus get the hands on cheap source
of financing from the capital markets. Having a daating also enables the company to get a
significantly lower interest rate on a bank loamedit ratings can also have public relations
implications, because top-rated companies can mrebemselves as elite organizations
within their industry*

The absolute majority of banks worldwide use ggiras the main instrument for
assessing their clients’ credit rikBanks can use, within the New Basel Capital Accord
standardized approach, the ratings from renowntinational rating agencies to determine
the required regulatory capital. But as the majasitcompanies, especially in Europe, do not
have such rating, banks most commonly develop tem “internal rating based” (IRB)
approaches to evaluate the risk of the compani#inloan portfolios’

But regardless whether the rating comes from &rnational rating agency, a local
rating agency or from banks, the basic philosophgredit rating is common to all of these

institutions.

3.3. How the credit ratings originate

Rating agencies work out a firm’s correspondingdg- credit rating, on the basis of
information supplied by client (including privateformation obtained during regular
discussions with the firm’s representatives) ad aginformation drawn from public sources.
A rating evaluation includes in itself a substanti@t of analysis of the so calledft factors,

i.e. assessment of thpialitative parameters®® Quantitative indicators are, naturally, also
evaluated, especially those related to cash-floa/tandynamic coverage of obligations. The
decisive importance for the level of assigned taigithe long-term ability of a company to

generate sufficient amounts of cash-flow for cavgll its current obligations.

3 «Credit Rating Facts Sheet”, Standard & Poor’s
ghttp://WWWZ.standardandpoors.com/spf/pdf/media/credit_ratings_fact_sheet.pdf)

% Coyle (2000), pp.25

% Benos and Papanastasopoulos (2005)

% See e.g. consultative document “Overview of The New Basel Capital Accord” from the Bank for
International Settlements for more details about this issue. (http://www.bis.org/bcbs/cp3ov.pdf)

% E.g. the market position of the company, support by the shareholders, management strategy, and/or
the financial flexibility of the entity.

18



It is important to stress out that, in contrastthe standardized scoring methods, a
universally applicable methodology of rating do¢®xXist. It is because the specific methods
vary from agency to agency and differ dependinghenevaluated client. Moreover, the rating
agencies tend to use different rating scales wahyimg number of rating categories. In
addition to that, the ratings may also vary acaggdb the degree to which other dimensions

of default risk are consideréd.

3.4. Advantages of ratings

The rating methodology has several significantaatages, which have made credit
ratings the most popular measure of credit riskrfgestors. The biggest advantage is the fact
that thecredit ratings are very easy to interpretand allow an effortlessomparison of the
rated companies Changes in the company’s rating send a cleaiabitgnall investors about
the underlying shift in credit risk. Among the otleglvantages is the fact that as the process
of assigning credit rating is not a formalized, mledased approach, no simplifying
assumptions (e.g. about the efficiency of capitatkats or the capital structure of the firm)
have to be mad€ombining quantitative, qualitative and legal analysis makes the rating
method aglose to “real-life” as possible.

3.5. Problems of ratings

By taking into account a high volume of relevarfbrmation sources about the credit
risk of the evaluated company, assigning a ratng fathetimely procedure. It may take a
team of credit analysts months before the ratingpties publi¢® Once a rating is assigned,
an on-going review of material factors that couffée the rating (such as changes in the
capital structure, an acquisition or other majareenic developments) has to be maintained.
Because of changes in or unavailability of infonmat ratings may be changed, suspended or
withdrawn. Generally, an issuer credit rating igeeved formally at least once a yéar.

Credit ratings are discrete variables and areefber ordinal measuresof firm’s
creditworthiness- i.e. “categories” of credit risk exposure. Thigpeoach inherently implies
the grouping of companies of potentially differingedit risks into same rating categories,

% E.g. Standard & Poor’s risk ratings represent default probabilities only, while Moody’s factors also
include a measure of the extent of loss in the case of default (Crouhy et al. 2000)

0 E.g. Typical time of assigning a rating by the CRA Rating Agency (for a medium-sized Czech
company) takes approximately 10 weeks and it takes 12 weeks before the assigned rating becomes
public. (www.crarating.cz)

*! Standard & Poor’s “Credit Rating Facts Sheet”
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which naturally brings along several problethswithin any rating class the default
probabilities of issuers are clustered around tedian. However, the average default rate for
each class is considerably higher than the defatdtof the typical firm. This is because each
rating class contains a group of firms which hawemhigher probabilities of default, due to
the approximate exponential change in default rateslefault risk increasé$.These are
firms which should have been downgraded but haveeén downgraded yet and there are
also firms that should have been upgraded. Thipdrap because changing of the obligor's
rating doesn’t happen instantaneofélfhe fact that the rating agencies change the coynpa
ratings with substantial delay and thizsl to reflect newly available information as it
arrives in the market has three negative consequences. First, the iestdrequency of
staying in a rating class should overstate the prgbability of keeping the same credit
guality. Second, the average historical probabditylefault overstates the true probability of
default for typical firms within each rating claskje to the difference between the mean and
the median default rates. Third, if both the praligtof staying in a given rating class, and
the probability of default are too large, then ttamsition probabilities must be too sniall.
Another disadvantage of credit ratings is thait too many companiesespecially in
continental Europe, have a ratingfrom the prestigious rating agencies. And evengihathe
number of rated companies worldwide is increasapidiy;*® most of these companies come
from the United States of America. This fact isselly related to the differing functions of
capital markets in continental Europe and USA. BA) capital markets are very liquid and
commonly used as a source of financing. Therefior@rder to attract these investors, the
companies actively seek to be rated and are willingay relatively high fees to the rating
agencie$! The European companiesrely traditionally more on thedirect financing

through bank loans and private placements of bondswith the banks carrying out their

*2 The rating agencies, such as S&P, may also include a plus or minus sign to show relative standing
within the category, increasing thus the total number of rating categories but that doesn’t solve the
problem.

*3 Crouhy et al. (2000)

* Standard & Poor's outline the steps that lead to a change in rating as “When a rating change
appears necessary, we undertake a preliminary review that may lead to a CreditWatch listing. The
next step is a comprehensive analysis, including, if needed, a meeting with management and a
presentation to the rating committee. The rating committee considers the circumstances, comes to a
decision and notifies the issuer, subject to the appeal process noted above.” (Standard & Poor’s
“Credit Rating Facts Sheet”) This procedure is likely to take at least a few days.

*® This has a negative impact especially on models that derive the credit risk from transition matrices,
such as CreditMetrics.

% E.g. in 2005 alone, Standard & Poor's Ratings Services published more than 500,000 ratings,
including new and revised ratings. (www.standardandpoors.com)

*" E.g. Standard & Poor's charged their U.S. based corporate clients in the year 2005 up to 4 basis
points for most transactions, with a minimum fee of $50k
(http://www2.standardandpoors.com/portal/site/sp/en/eu/page.article/4,1,4,0,1113591451215.html)
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own, internal credit risk assessments. As a reatilen managing credit risk of a portfolio of
companies, some other measures of credit riskttienredit ratings from international rating
agencies have to be added or used instead. Therbitocay agencies may provide useful
information about the credit risk of these companieit they lack the credibility of their
international counterparts and by using differemthods and rating scales, the comparison

with the prestigious rating grades is difficult.

The quantitative part of assigning the creditmggiis, besides the qualitative analysis,
largely derived from traditional accounting-basedasures and financial analysis. Tteck
market provides an alternative source of informatiom regarding the probability of
default. In addition to the financial statements the stockket alsaggregates information
from other sources which can substitute the lengthy qualitative gsial While the potential
for market-based variables to provide informatibowt bankruptcy prediction has long been
recognized’, one difficulty with this approach has been hovextract the information related
to default from market prices.

4. Merton‘s model for individual firms

In the year 1973, Black and Schof@sn close cooperation with Robert C. Merton,
introduced their world famous option pricing formuEven though the BS formula is until
now being extensively used in the field of pricidgrivatives, the original purpose of
developing this model was to acquir@werful tool to value corporate liabilities™® It was
Robert Merton, who proposed in his 1974 seminakpapn valuation of corporate debt “On
The Pricing Of Corporate Debt: The Risk StructurkeI@erest Rates” the extension and
possible application of the Black-Scholes option pricing fomula into the field of
corporate finance.

The Merton model uses an option pricing approagtich brings together systematic

risk, probability of loss and recovery rate intoadl option on the value of the firm. His model

8 e.g. Beaver (1968) as cited by Landsman and Maydew (2001)
* Black and Scholes (1973)

*% Shimko (1999), pp. 43

*1 Merton (1974)
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was also the first structural motfelbecause it uses the evolution of firms’ capitalicture,
such as asset and debt values, to determine tleeatnh probability of defaulCredit events
are triggered by movements of the firm’'s value relive to some pre-defined threshold or
barrier, called the Default Point. As a result, the evolution of the firm’s value acabital
structure is the main issue of this approach. Eiselting Merton model is often referred to as
asset-based model or contingent claims approadaube equity is viewed as a contingent
claim on the value of the firm’s assets.
The Merton model is considered to be the first emodcredit risk model and its

concept is widely used until today on both acadeanit commercial ground.

4.1. Assumptions

The original Merton’s model rests upon severather unrealistic and simplifying
assumptions:
* The stock market efficiently incorporates all pualtavailable information about
default probability into equity prices.

« The liabilities of the firm consist only of singleero-coupon debt with face valué¥.

* The debt structure remains within the time peritadis (i.e. the management doesn’t
change the debt structure at any case) and thevibeltd the company, such as the

riskiness of its investments, will not be impacbgchow close it is to default.

* The firm can default only at time T and not befdfehe firm’s value falls down to
minimal levels before the maturity of the debt btill is able to recover and meet the
debt’s payment at maturity, the firm will avoid tdefault (since there are no coupons
to be paid).

* Firm’s asset values follow log-normal distribution.

* Firm value process follows the geometric Browniastion.

* Interest rate is constant.

* No intermediate payments, such as dividends, wilifade to equity holders.

* Bankruptcy is costless.

°2 For the purpose of this paper, structural and Merton’s model are considered to be equivalent terms
*3 The model does not distinguish among different types of debt according to their seniority, collaterals,
covenants or convertibility.
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* In bankruptcy, a strict priority of claims is presed.

Besides these model assumptions, some assumphboustae Black-Scholes frictionless

market have to be drawn as well:
» There is no arbitrage in the market.
* The access to short selling is unlimited and tlaeeeno indivisibilities of assets.

* Borrowing and lending through a money-market actaan be done at the same

riskless, continuously compounded rate r.
» Agents are price takers, that is, trading in adsa$sno effect on prices.

* There are no transaction costs and taxes.

4.2. The option theory

Starting with those assumptions, Merton introduaecbntingent claims approach to
valuing corporate capital categories using Blac &choles’ option pricing theory. At the
beginning stood the recognition that the firneguity can be viewed as a European call
option on the company’s assets.e. value of the firm (V). The strike price thiis option is
the book value of liabilities (F) and the optionesercised in time T (the time of maturity of
the debt). This means that, at time T, the equitddrs will exercise their option and pay off
the debt holders if the value of the firm’s assetgreater than the face value of its liabilities.
If the value of the company’s assets is lower ttiennominal value of debt, the shareholders
will let their call option expire. In such casegthrm files for bankruptcy and due to the
assumption of strict priority of claims in bankrapt the shareholders receive nothing, since
all the company’s assets will be used to servieadtbt. The cost and maximum potential loss
to these shareholders is the price paid for thehage of these shares. As the value of assets
grows above the threshold of debt value, the slodédlels acquire the entire amount in excess
of the debt.

Therefore, the value of equity to shareholdersatjme T is:

®) B =maxQV; -F)
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The following Figure 1 illustrates the idea thag¢ tbquity can be viewed as a call option on

value of company'’s assets graphically.

Figure 1: Equity value at maturity as a function of the assdtie of the firm

A
Value
of equity Equity as a purchased
European call option
on the company’s assets
F
_ _ 0 45° y Value
Price paid of assets
for shares v

Similarly, the payoff to holders of the company’sbtl (the creditors) is analogous to the

payoff from writing a European put. The value obti® creditors (D) at time T is:

(6) D, =min(V;:F)

Figure 2: Debt value at maturity as a function of the assatse of the firm
A

Value
of debt
Debt as a written
European put option
on the company’s assets
0 45° R
F Value
of assets

The Merton model is a type of a default-mode d¢regdk model, where at the end of

the time period only two possible outcomes canearise company gets into default or it
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doesn’t. The default occurs if at the time of seing the debt, the company’s terminal value

of assets is below its outstanding debt. The fallgw able 4 summarizes this idea:

Table 4 Payoffs at Maturity

Assets Debt Equity
No Default V;2F E V. -F
Default V, <F VA 0

In order to compute the value of equity (i.e. ¢hé option on the firm’s total assets), it

is assumed that the firm value process followsggd@metric Brownian motion, that is:
(7 dV = uvdt+ g, Vdw
or often rewritten as

(i/—v= pdt+ o, dw
where V is again the value of firm's assetg/ is the asset drift (i.e. the expected
continuously compounded return an), o, is volatility of the firm value anddW is a
standard Wiener process.

By applying the Ito’s lemma on Equation (7), thelldwing equation can be

obtained*,

©® dE=| B EilsnelE
o av 2%V By

dt+ o, V— dW

, 0°E 0E
kY

and after several steps, the following partial efiéhtial equation for the value of equity,

which is well known from option pricing theory iga@ned:

2
@ EiwvE 1y 0E

-rE=0
ot ov 2 oVv?

wheret refers to timey is the risk-free interest rate awogj is the volatility of the company’s

assets.

> See Appendix A for details on the Ito’s lemma
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This Equation (9) under the boundary condition (5):
E; =maxQ;V; —F)

can be solvet to obtain the Black and Scholes formula for thieieaf equity:

(10) |E =VN(d,) - Fe""N(d,)

where N(Jlis the standard normal cumulative distribution fim>°

In(\éj+(r + J;]T

o, NT

{144}

o, NT

(1) d, =

and

(12) d,=d,-o,NT=

To show the analogy of the valuation of comparmgsity (Equation(10)) to the usual
stock option pricing, recall the formula of a agfition on stock:

(13) C=SN(d)- Ké™ N ¢  with

(2]

oNT

(2]

and d :d—ax/_=
2 1 S US\/?

d =

where S is the current price of the stock and tésstrike price of the option.

°° See Nekula (2005)

= N(y) :_J;_njy & du
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4.3. Probability of default *’

The probability of default at time T is theprobability that the market value of
firm’s assets will be less than the book value ohé firm’s outstanding debt at time T. To

put it formally, at time zero, default probabilP) is given by:
(14) DP=Pr{/; <F)
and from the properties of natural logarithm:

(15) DP=Pr(InV; <InF)

At this point, a little detour should be made tketa closer look at the evolution of firm’s

value in time. From Equation (8) comes the followiagnula:

2

16) dinV = (,u—%j dt+ o, dw

2
The incremental changes InV follow a generalized Wiener process with dﬁw—ij

and the diffusion coefficiento,. The following formula comes from the use of an

approximation for the incremental changdniV - from InV, (at timet =0) to InV; :

o 2
InV, =InV, ~ NK;:—%} T,JVZT}

or equivalently:
o 2
a7 Inv, ~ N{In\/O +(u—%] T,UVZT}

Since the logarithm oY/, , as displayed in Equation (17), is nornmk value of the firm at
maturity, V., is log-normally distributed. As Crouhy et al. (2000) claim, this assumption is

quite robust and actual data confirm quite welthis hypothesis. Moreover, the distribution

of asset returns is stable over time, i.e. thetilityaof asset returns stays relatively constant.
Because of the fact that the standard deviatiorin®. is a linear function ofVT, the

uncertainty about the future development of tha filalue grows with the time-to-maturity.

" The mathematical derivations of this section are mainly based on the works of Nekula (2005),
Kulkarni et al. (2005), Crouhy et al. (2000), Vassalou and Xing (2004) and Crosbie and Bohn (2003).
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From the properties of log-normal distributione tmoments for the value of the firm
can be derived. The mean has the form:

(18) E(V%)=V,e"
and the variance is
var(y, )=\, e*" ( & - 1)

Because of the fact that the value of assets fasllolne geometric Brownian motion as
described in formula (7), and from the previousdssions, it is straightforward to show that

the value of firm’s assets at tinfe, V, (given that the value at time 0V§), is:

19 Vv =V0epo/J—%2jT+a\,x/'_l'Z(}

and after rearranging:

<

2
- :exp{(,u—%jT +UV\/?ZT}

Vo

2
(20) InVT:InV0+[,u—%jT+JVﬁZT

where
(1) VTZ =w-w
is normally distributed with zero mean and variaageal to 78 and

(22) z,=2% %

— 5 _ N(0;1)*°is the random component of the firm’'s return.

N

Coming back to Equation (15)
DP =Pr(InV; < InF)

and substituting from Equation (20), the defaultoatality can be rewritten as:

%8 Crouhy et al. (2000)
% vassalou and Xing (2004)
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(23) DP=Pr| In\,+ ,u—UL T+JV\/'_I'ZTsIn Fj

DP:Prmw+;r=——T+mJTL—MFs%

and after rearranging:

V, a,’
In| =2 |+| g——%|T
el
=7

o NT 7

(24) DP=Pr| -

From Equation (22) it can be seen that the randomponent of the firm’s asset

returns, Z, , follows the Normal distributiorZ, ~ N(0,1). Therefore, the&efault probability

can be defined in terms of theamulative normal distribution as follows:

L,

o NT

(25) |DP=N| -

This equation gives thprobability of default (DP) for a company at the time of
maturity T (e.g. the DP in one year). Equation (25ves that the probability of bankruptcy is
a function of the distance between the currentevaliuthe firm’s assets and the face value of
its liabilities adjusted for the expected growthaisset value relative to the asset volatffity.
This distance is called thadistance-to-default (DD).It is the number of standard deviations
that the firm is away from default. The higher thetahce-to-default, the better for the
company, since higher DD implies being further friiva default. The distance-to-default can

be expressed as:

(26) |DD =

and therefore

(27) DP=N(-DD)

% Hillegeist et al. (2004)
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The following picture summarizes the developmenthefvalue of the firm in relation to the
distribution of the future asset value. The darlaasethe probability of default as expressed
in Equation (25).

Figure 3: Distribution of the firm’s asset value at maturiti/the debt

A — T 2
Market value EM)=V¢€ V; =\/0epr,u—av JT+U\,ﬁZr}

of assets (V) 2

Possible path
of the asset value

A At ’ 1

The expected ra te
of growth in the
asset value ( y)

Distribution of the
asset value attime T

Vo
Distance to default ( DD)

[| Probability of default

[
T >

T Time
Source: Moody’'s KMV, Crouhy et al. (2000), Schmad4)

4.4. The case with dividends

One of the assumptions of the original Merton nhodethat therearen’'t any
dividends paid out For the sake of simplicity for derivation of tdefault probability, the
previous sections of this chapter held this assiompBut this assumption can be easily
relaxed and the Equation (10) is modified to reftbetstream of dividends paid by the firm to
the equity holder!

(28) |E=Ve " N(d)- Fe" N ¢)+(1- &)

where

% For the derivation of Equation (28), see e.g. Chartkou et al. (2006)
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where d is the continuous dividend rate expressed in teximns.

The term d appears twice in Equation (28), where the t&rs°" accounts for the

reduction of the value of the assets due to thé dagdends that are paid out before the

maturity. The tern(l—e“”)v reflects that these dividends are obtained byethety holders

and equals zero whei=0.%

As a result of taking into account the dividend quatg, the formula for DP as presented in

Equation (25) has to be modified as well.

e

o NT

(29) |DP=N| -

Since the inclusion of the dividend payout radonakes the model more “realistic” the

default probability as expressed in Equation (23je base for the rest of this paper.

4.5. Step-by-step calculation of the probability of default

In order to compute the theoretical probabilitydefault for real-life companies and
markets, several modeling choices and estimatiange Ho be made. Most importantly,
Equation (29) containsome variables, which cannot be directly observablgéhe market

value of asset¥ , the asset volatility;, and the expected return on assgtsand must be

therefore estimated. The following eight stepssariicient for calculating the probability of

default in the asset-based approach.

Step 1- choosing a forecasting horizom
In the credit risk literature and modeling, it Bn@mon to use ane-year(T=1) time horizon

for debt maturity and subsequent estimation of wefaobability®®

%2 Hillegeist et al. (2004)
% As Kulkarni et al. (2005) argue, one year is perceived as being of sufficient length for a bank to raise
additional capital on account of increase in portfolio credit risk (if any). The one-year convention may
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Step 2- estimatingo,
The volatility of equity,o., can be most easily estimated fromtorical stock returns data.

It is computed as an annualized standard deviaifodaily returns in one year, with the
returns being expressed using continuous compogndising the lognormal property of
stock/equity values, volatility can be easily céted as follow$?

- Download the equity prices over the time period.(the last year)

_S(9_
S(t-1)

- Find the standard deviation aft) , which is in facto,

- Computeu(t) = In{ } , Where S(t) is the share price at day t

- Annualize the daily voIatiIity:(aE J/days) , Wheredaysis the number of trading days

in the year (often assumed to be 252).

Another possibility of estimating the volatilityf @quity, o., would be to use the

implied volatility . The implied volatility of equity can be extractiedm the market prices of
options on equity and is received as an answeheofdllowing question: “What volatility
must | use to get the correct market price of tpdoa?” The implied volatility is the
volatility of the underlying asset (the firm’s etjuivalue) which, when substituted into the
Black-Scholes formula (as given in Equation (18)yes theoretical option price equal to the
market price of the option. For finding the impliedlatility, a Newton-Raphson algorithm
can be useff Hence, the implied volatility can only be obtairfed those companies, which

have options written on their stock.
Step 3- determining E
The value of equityE, is found simply as the number of shares outstantmes the last

day’s equity price.

Step 4- setting the Default PointF

have arisen largely because, until recently, default rates and rating transition matrices were most
easily available at a one-year horizon, and such data are key inputs to conventional portfolio credit risk
models.

% As proposed by e.g Giilgicek and Sinan (2005)

% A nice discussion on the implied volatility and the Newton-Raphson algorithm can be found in
Wilmott (1998) on pages 183-185
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The Default Point is defined as the threshold, Whighen crossed, triggers defaiilin the
case when firm’s liabilities would consist only af single, zero-coupon debt (i.e. the
assumptions of the original Merton model), the D#&f®oint would be the face value of this
debt F. But because this form of financing is hyghihlikely to exist, some other measure of
Default Point has to be introduced. To be consistetin the theoretical Merton model from
the previous sections, this estimated Default Rsiatso labeled F.

Some of the authors of credit risk literafiireonsider the Default Poifft to be equal
to thebook value of total liabilities *®

Other author$? however suggest that it is more rational estinfages

(30) F=Sﬂﬁ%Lﬂ

whereSTLis the book value of the companies’ short termilitaéds (debt due in one year) and
LTL is the book value of long-term debt. Both of thgagables are easily obtainable from

the annual reports of the companies.

Step 5- settingr

The risk-free rate of return, r , is usually settl@syield on a government securityi,-Bill ,
with one year remaining to maturity. This rate aeerted into continuously compounded
rate for further analysis. Another option is to uister-bank offered rates, such as LIBOR or
PRIBOR/®

Step 6- computing the dividend rated

The dividend rate, 0, is expressed as the sum of the prior year's comaral preferred
dividends, divided by the approximate market valfi@ssets. This market value of assets is
approximated by the sum of the market value oftgcqand the book value of liabilities. Even

% In reality, the default point is also a random variable. In particular, firms will often adjust their
liabilities as they near default. It is common to observe the liabilities of commercial and industrial firms
increase as they near default while the liabilities of financial institutions often decrease as they
a;aproach default.

6 E.g. Hillegeist et al. (2004)

% Here it's important to point out that total liabilities are defined in this paper as the solution to the
equation: total assets=equity + total liabilities. This contradicts the Czech accounting standards, where
total liabilities are referred to as the sum of all items on the “right-hand side” of the balance sheet, i.e.
total assets=total liabilities.

% This proxy is based on the observations of Moody's KMV, which has found out from a sample of
several hundred companies that firms default when the asset value reaches a level somewhere
between the value of total liabilities and the value of short-term debt. Croshie and Bohn (2003) show
that the model is surprisingly robust to the precise level of the liabilities.

O prague Interbank Offered Rates, available from the Czech National Bank
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though this approximation of the market value ofets is generally very inaccurate (as
discussed in the following Step 7), it is used hereomputed, because) is being used to
estimatev.

Step 7- findingV and g,

The price of the call option on stock can be gasimputed since all of the variables
are directly observable on the market (strike prtoae to maturity, underlying asset price
(i.e. stock) and the risk-free rate) or can bealga&stimated (volatility of the underlying
asset). However, the case of the Merton’s modelgsrsome problems, becauke value of

company’s assets,V, and the asset volatilityg,, remain unknown and need to be

inferred.

The market value of the firm is simply the suntled market value of equity plus the
market value of debt. But while equity values carebsily observed on the stock markets, the
market value of debt is usually unavailable. Thasom is that, especially in continental
Europe, the company’s financing usually does natefrom an issue of tradable bonds.

In some literature, the market value of firm’'sedsss proxied by the sum of market
value of equity and book value of debt. But usinglbvalues instead of market values can
generate highly misleading resultsTherefore, more sophisticated methods for thenesibn
of V have to be used.

In Equation (28), one relationship between thai@alf equity €) and the value of

firm's assets V) and asset volatility ,) is pointed out. In order to identify the two
unknowns (i.eV and o, ) with two equations, the model invokes again teergetric Wiener

process to model equity value

(31) dE=(g —9) Edt+o EdW

where 4 is the expected continuously compounded returfeQrd is the dividend rateg,

is the volatility of equity value andW is a standard Wiener process (the random component
of the equity’s return). After applying the Ito’'emhma’® the process for equity can be

represented as:

" E.g. Wong and Li (2004) show theoretically that “using sum of market value of equity and book
value of corporate liabilities as a proxy for the market value of corporate assets generates significant
bias of overestimating the asset values.”

2 See Appendix A
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oE 0E 1 , ,0°E) . OE
32) dE=| —+(u-90)V—+=0,*V* dt+— o, VdW
(32) (at (=0)Vay +5% avzj ov

The diffusion terms (i.e. variance) in the equitpgess in (31) and (32) are eqifabnd
therefore:

(33) o.E =o—vv(e‘“)g—5=o—v( e”) VN ¢

often rewritten as

@) |oz =0 ()2 N()

If there are no dividends paid out, this equationg itself in the more common form:

(35 0. =0, N(d)

One way to obtain the values of and g, is to solve the equations(28) and (34)

simultaneously.

(28) |E=Ve” N(¢)- Fe" N d)+(1- &)

2
In(vj+(r —5+0—VJT
F 2

JV\/'I_' oNT

where d, =

(34) |o. =0, (e“’T

These two equations complete the system of twalsimeous nonlinear equations

with two unknowns, which can be solved relativehgiey.”

3 Kulkarni et al. (2005)

™ Chartkou et al. (2006) or Kulkarni et al. (2005) for example use the Solver routine in Microsoft Excel
to come to a numerical solution. For more details on the Solver routine, see e.g. Hull (2003) or the
Merton Model spreadsheet on the CD that comes with Allen (2003).

Hillegeist et al. (2004) use a Newton search algorithm to obtain the pair of values that solves both
equations, and this process converges usually within five iterations.
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Some authors refuse the simple numerical soluéienthey claim that it can be
misleading, since Equation (34) only holds instaatasly’> For example Crosbie and Bohn
(2003) assert that “[ijn practice the market legeranoves around far too much for [Equation
(34)] to provide reasonable resultsthe model biases the probabilities in exactly the
wrong direction. For example, a quick decrease in the market lgee(tor a firm trending
upwards and whose share prices are growing quieklyJead to the overestimation of asset
volatility from Equation (34). This would imply Higr probability of default while at the
same time, the decrease in the market leveragedwsuggest improved credit quality. To

resolve this problem, a rather complicaitedative procedure is implemented®

First, an initial value ofg, = o, (ETEFJ is proposed and subsequently this value of

o, and Equation (28J are used to infer the market value of firm’s as$et every day of the
previous year. The implied log return on asset$ ey is calculated and these returns series
are used to generate new estimates ,pf which is used for the next round of iterationeTh
iteration on g, is repeated in this manner until the values@f from two consecutive
iterations converd& Once the converged value of, is obtained, it is used to back odut

throughout Equation (28).

Step 8- estimating the asset driffu

Once the values oV are obtained, the market return on asgetsan be calculated
based on the actual return on assets for the gmte But the actual return on assets based on
the values ofV coming from Step 7 may be negative. This contradilbe financial theory
where the expected returns cannot be negative amadot be even lower than the risk-free
rate. One way of dealing with this problem is totbe growth rate equal to the risk-free rate

of return in the cases, whege would be otherwise negative or lower than theleisk rate”’

Thus, u(t) is calculated as follows:

"> Du and Suo (2003)

® This iterative process is for example described in Bharath and Shumway (2004). Vassalou and Xing
$2004) use the same procedure, except that they use o for the initial estimate of oy,.

" Bharath and Shumway assume there are no dividends paid out and therefore they use here the
Equation (10), rather than Equation (28).

® Bharath and Shumway (2004) claim that the convergence is usually obtained within few iterations
(the absolute difference in adjacent 0, s is set as being less than 10'3).

" Hillegeist et al. (2004)
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V (t) + Dividends-V - 1)_@

(36) u(t)= max{ V(t-1) ;

where the variable “Dividends” is the sum of thenooon and preferred dividends declared

during the year.

Another possibility to compute the asset drifttas use a theoretical relationship

between the expected return on assgtsand the expected return on equity.. The

relationship i€

0E) 1 ., ,.[0°E
E-| — |-Zz0,V
He (atj 2 (avzj

R7) wu= v(an

v
It is assumed that the expected return on equjtycan be estimated from the stock market

data. For example, the popular Capital Asset Ryiditodel (CAPM) can be used to find the

values for the drift of equitys. >

After completing all of these 8 steps, all of thputs that are necessary to compute the

probability of default as given in Equation (29¢ &nally obtained.

4.6. Other issues in the asset-based framework

4.6.1. The Greeks

Equation (9) puts together many variables knovemfithe financial markets as the
“Greek letters”. Each Greek letter measures a miffe dimension to the risk in an option
position. In the asset-based approach, where théyeig seen as the call option on the

company’s assets, the Greek letters representftlesdt risks to the equity holder.

Option (equity) delta Ap = 3—5 =N(d,)>0

% Derived and discussed in Kulkarni et al. (2005)
8 Crouhy et al. (2000)
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The delta of a call option is defined as the rdtehmnge of the option price with respect to
the price of the underlying asset. In the strudtinamework, the equity value rises as the

value of company’s assets increases.

2
Option (equity) gamma ;. = 0O°E __N(d) >0

V2 Vo, T

Gamma measures the sensitivity of the option delasmall change in its underlying asset.
It is the second partial derivative of equity valéh respect to asset value. The equity
gamma is larger than zero suggesting that witmarease in the firm’s asset value, the equity

delta increases as well.

Option (equity) theta CH _0E :M—rl:e‘rT N(d,)?0

ot 1T

The theta of an option is the rate of change ofvidlae of the option (i.e. the equity value)

with respect to the passage of time. As the dewvedmp of equity value in time is
unpredictable, the equity theta can be both p@sdivd negative.

With the knowledge of the Greek letters, Equat@nc@n be rewritten as:

(38) rE=0.+rVA, +%JV2V2I' c

4.6.2. Risk-neutral probability of default

In many research papers on the structural creskt model, including Merton’s
original paper, the assumption of risk-neutraliyapplied? In the case of the Merton model,
the risk-neutrality concept implies that alksets grow at the risk-free rater because all
other factors influencing the growth rate of thenpany’'s assets are already reflected in the

share prices. Therefore, the probability of defauitler the assumption of risk neutrality

()% )

o NT

would be:

(39) DP=N(-DD)= N(-d)= N -

The main advantage of using the risk-neutral poditya of default is that (besides

easier computation of DP) expected returns on ieguitre usually estimated with significant

8 For further discussion on this topic, see e.g. Hillegeist et al. (2004) or Kulkarni et al. (2005)
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error. For example, Kulkarni et al. (2005) arguatttjb]ecause risk neutral probabilities of
default can be calculated without estimating thien's expected return, they may be more
accurately estimated than objective default prdieds.”

However, the underlying asset is risky and theeefo does not actually drift at the
riskless rate. The objective distribution shoulgdda mean greater than the risk free rate (the
drift is generally higher than the risk free raté return). From properties of normal
distribution it follows that the risk neutral asspton implies a higher default probability and
therefore risk-neutral default probabilities ser® an upper bound to objective default
probabilities®® Since the probability of bankruptcy depends upgue actual distribution of

future assets (which is a function @f), the objective probability measure of defaultas

given in Equation (29) should be used as the measudefault probability rather than the
risk-neutral DP from Equation (39).

4.6.3. The value of debt

The market value of a firm is the sum of markdugaof debt and market value of
equity. Assuming that the firm’s debt comprisesyonil one zero-coupon bond, the value of
this bond is equal to the value of the firm lesshlue of equity (European call option), i.e.:

(40) V=E+D
(41) D=V -E=V-European call on the firm's ass

From the previous discussion and assuming, forstilee of simplicity, that there are no

dividends being paid out, the following equalityid
(42) D=V-[VN(d)- Fe" N ¢)]
(43) D=VN(-d)+ Fe" N d)

Or alternatively, the put-call parity can be usbader the put-call parity, the value of the
firm’s debt is equal to the value of a risklesscdimt bond less the value of the put option
written on the firm, again with a strike price efjtmthe face value of delst and a time to
maturity of T. In other words, the value of debt can be seea gsrtfolio comprising of

money lent at the risk-free rate and a short ptibop

(44) D=Fe"™ —European pL

% Deliandes and Geske (2003)

39



(45) D=Fe™ -[-VN(-d)+ Fe" N- ¢)]

(46) D=VN(-d)+ Fe" N d)

which is exactly the same result as in Equatior).(43
Rather than referring to value or price of debtisiusual in dealing with bonds to discuss
them in terms of yields. Thgeld-to-maturity , y, of a corporate zero-coupon bond is (within

the continuous time framework) the solution to:
(47) D=Fe”

The yield-to-maturity for the firm’s debt as of #d(t=0) maturing at is therefore

D
In (Fj
48) y= T

4.6.4. Credit spreads

A credit spread (or credit margin) is the differerbetween the interest rate that a
client has to pay for the granted loan and thefris& rate. The Merton model can be used to
estimate credit spread on debt, which can, in mebagruseful in evaluating the performance of
the model. In order to obtain an explicit formuta the credit spread within the asset-based
approach, it is necessary to defiRéas the present value (discounted at the risk-fies of

the debf maturing at tim&
(49) F'=Fe"
and letW be a measure of leverage, called Quasi-Debt ratio

Fe" _F

(50) W= v

Then, the yield-to-maturity of the corporate dedm be obtained from:
(51) D=Fe’ =Fd™"

Defining the credit spread;S as the difference between the yield-to-maturitg ¢he risk-

free rate:

(52) CS=y-r

40



and after substituting Equation (46) into Equat{®i), asimple formula for the credit

spreadis attained:

Fe'™>T =D
(D
T(y- r)-ln(Fj
_ VN(-d)+ Fe" N d)
(y-n= Tllﬂ( = j

:(53) CS:——In(I\KQ)+N( dl)j

From this equation, it can be seen that the cegulgad is an increasing function of the

Quasi-Debt ratioW and of the volatility of the firm’s assets, . This is both intuitive and

economically justifiable because the higher prolitgtmf default (which is also an increasing
function of leverage and asset volatility), theh@gshould the credit spreads be. The larger
credit spreads are a consequence of the borrovegigest to be compensated for the potential

losses that come from the higher probability ofadétfof the loans.

4.7. Advantages of the structural models

The basic idea of Merton’s (structural) approactoirelate the default probability of a
certain company to its asset value and volatilityis makes the Merton model very intuitive
and the actual calculations are not prohibitiveffialilt.

The main advantage of the asset value-based apy@®as that, by using the market
prices of debt and equity, it isherently forward looking, because these prices (on efficient
markets) reflect the future prospects of the comp®n the contrary, credit risk models
based on financial statements are inherently baackwaoking since they are designed to
measure past performance and may not be very iatorenabout the future status of the firm.
Unlike accounting-based models, the structural rhaumorporates the measure of asset
volatility, which is a crucial variable in bankruptcy prediction.

The Merton model instantly reflects the actuabldrask of the firm, because the share
prices change almost continuously. Therefore, tiobability of default can be estimated at
any point in time for any publicly traded compamgardless of the time period and industry.
It takes some time for the credit rating agenc@snike changes to the credit ratings of

companies. This advantage of the Merton model eedsily seen on the examples of the
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bankruptcies of Enron and WorldCom. Moody's KMV, agle asset-based model is built on
the Merton framework (described in more detailfateSection 4.10.) plots in Figure 4 the
probability of default, called the Expected Defatequency, of WorldCoffi compared to
the rating of Standard & Poors.

Figure 4: The Expected Default Frequency of WorldCom
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Source: Moody's KMV case studies

Clearly, using equity values to infer default pabbities allows the asset-based
models tareflect information faster than credit ratings. However, when WorldCom'’s stock
price was high, the EDF for WorldCom was actuallgngicantly lower than the default
probability predicted by the rating agencies.

In the asset-based framework, each issuer isfgpaaid is characterized by its own
asset returns distribution, its own capital streetand its own default probability. Therefore,
the default probabilities obtained from the Mertandel are unique numbers that are firm-
specific and directly comparable. They can be vibwe a‘cardinal ranking” of obligors
relative to default risk, instead of the more cartianal “ordinal ranking” proposed by rating

agencies, which group companies of potentially ediffy credit risks into same rating

# In 1998, WorldCom's share price was $71.75 and the probability of default- EDF was 0.09%,
equivalent to AA- rating. When WorldCom'’s stock price began to fall (to $14 in 2000 and to $2.75 on
April 30, 2002), its distance to default immediately decreased. The ratings agencies didn’t incorporate
the warning signals of falling share prices into their ratings and it took them several months (until April
2002) to downgrade WorldCom'’s credit rating.
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categories. To give a trivial non-economic exampilés certainly better to know the exact
result of a competitor in a race, rather than kmgwhat he/she finished among the top ten.

The development of share prices of an individuampany alsoreflects the
development of the market as a whol® For example, economic downturns or political
instability are likely to imply higher probabilitgf default of the companies active in this
country. The model incorporates this fact in thesgethat the decrease of share prices and
increased volatility of market value (which are tikely consequences of an increase in the
systematic risk) implies higher credit risk.

Moreover, unlike accounting-based models that subject to different national
accounting rules, the Merton model can be condigtapplied across differing countries, and
therefore is internationally comparable.

Finally, another fact that speaks for the assertioat the option-pricing theory
perspective is very useful is the fact that maradieg commercial credit risk models (e.g.
Moody’s KMV or CreditMetric&®) have been built on the foundations of the origarton
model.

4.8. Disadvantages and problems

The model in its basic form, as introduced by Mer{1974) and discussed in this
paper, is considered to beersimplistic and based on too strong assumptions

Theassumption of efficient capital market in the sense that equity prices reflect all
relevant publicly available information, is for tineodel crucial, since the share price is the
key input of the model. Moreover, the predictiveweo of the model comes from the
predictive power of shares. But several studiesutrdhe assertion of efficient capital
markets®’ Especially on the young markets, such as thah@fGzech Republic, thequity
prices cannot be considered to be the perfect inditor of the real situation of the
company.® But this implies that if markets are not perfeatficient, then conditioning on

information not captured by the Merton model prdpabakes sens¥.On the other hand, the

% The effect of a market downturn on the equity value of any particular firm can be estimated using the
firm’s equity beta. AE = B.AV, , where AV, is the market change.

% This model based on the concept of VaR (Value at Risk) has been introduced in 1997 by
J.P.Morgan in cooperation with Bank of America, KMV, Union Bank of Switzerland and others

8 E.g. Sloan (1996) [cited by Hillegeist et al. (2004)] suggests that the market does not accurately
reflect all of the information in the financial statements

% pegena (2003)

% Bharath and Shumway (2004)
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trading of big volumes of shares based on insiddorination may reflect important
information about the real condition of the compamd push the share prices closer to
reality. Crosbie and Bohn (2003) argue that “it egus that it doesn’t seem to take many
economically motivated investors to move the egpitge to reflect the risk of the firm.”

The negligible number of listed companies andrétatively low trading volumes on
the Prague Stock Exchange suggest further tromatbsthe use of the equity-based models.
In continental Europe, compared especially with USAUK, it is rather uncommon to use
issue of shares to cover the financing of the congsaand more traditional ways of financing
are used (especially loans from banks or eventbalhd issues).

One of the mentioned advantages is that the maddeigbabilities of default reflect
general movements on the stock markets. This ks a big disadvantage of the model,
since the equity-based models tend toéxy cyclical and are prone to overreaction due to
market bubbles® At the portfolio level this overreaction can beolplematic, because
economic capital linked to default probabilitiesccgated on the basis of equity-based models
will tend to be very volatile.

Another strict and strongly criticized assumptisnthat the company has only one
outstanding zero-coupon bond. Also the impossybiit the company to default before the
maturity of the debt (since there are no couponbetaepaid) and the assumption that the
capital structure remains during the period state very far from reality too. In particular,
firms will often adjust their liabilities as theyar defaulf*

Another problem of the Merton model is that if thefault threshold is set greater than
zero and if asset values are assumed to followspatithout jump processes, then the
theoretical required spread over the risk-free cate be driven as close to zero as desired by
increasing the frequency with which observationshef asset value are tak&nThus, the
model theoretically implies negligible (zero) credispreads for short-term debt which
contradicts reality.

Using the Brownian motion to model the asset valievelopment, the use of

cumulative normal distribution function to transforthe distance-to-default into default

% Servigny (2004), pp.72

LIt is common to observe the liabilities of commercial and industrial firms increase as they near
default while the liabilities of financial institutions often decrease as they approach default. The
difference is usually just a reflection of the liquidity in the firm’s assets and thus their ability to adjust
their leverage as they encounter difficulties.

%2 Allen (2003), pp. 341
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probabilities and the assertion that in bankrupécstrict priority of claims is preservEdhas

also rightly received much critique.

4.9. Model improvements

The Merton model, as discussed in the previouts mdrthis Chapter is derived from
the original Merton model outlined in his MertorO74) paper. Ever since the publishing of
the original Merton model, the structural asseteldagpproach has drawn much attention from
both academic and commercial researchers. Consyuéuaring the last 30 years, many
improvements to the classical Merton model havenbrade, most of which were aimed at
relaxing the strict and unrealistic assumptions tleé original model. Some of these
improvements (such as the inclusion of dividendgsher use of objective instead of risk-
neutral default probabilities) have already beestaised in this pap&t Other important, but

more advanced model extensions, are introducetkifollowing overview™

* More realistic capital structures such as involvetr@ junior and senior debt, safety
covenants and dividends e.g. Black and Cox (1976).

» Early bankruptcy (i.e. default outside time T) aiglidation costs introduced by
Black and Cox (1976). Longstaff and Schwartz (1989w bankruptcy to occur at
any random default tim®.

* Duffie and Singleton (1994), Jarrow and Turnbul®4%), and Jarrow, Lando and
Turnbull (1997) characterize bankruptcy as an eroge process, e.g. a Markov
process in the firm’s credit ratings, which does explicitly depend on the firm’s
assets and the priority rules for the various detituments.

* Inclusion of coupon payments, e.g. Geske (1977)Kon, Ramaswamy and
Sundaresan (1993).

% For example, Franks and Torous (1994) found that the strict absolute priority rule was violated in
78% of the bankruptcies they considered.

% However, several of the modeling choices presented in these sections (such as the iterative
procedure for estimating the asset volatility) are a nontrivial extension of the ideas of the original
Merton model. The KMV Corporation is especially responsible for these clever extensions and some
authors, e.g. Bharath and Shumway (2004), choose to call the Merton model, as it is described here,
the “KMV-Merton model”.

% This overview is mostly based on Servigny (2004, pp. 68), Shimko (1999, pp.43-46 and 130-138),
Shimko (2004, pp.93-95), Hanke (2003, pp. 92-103) and Crouhy et al. (2000)

% Beside that, Longstaff and Schwartz (1995) allow non-independence between credit risk and the
interest rate, and they model recovery as a stochastic process.
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» Stochastic interest rates, e.g. Hull and White 8)99r Shimko, Tejima, and Van
Deventer (1993) who use the Vasicek (1977) stoahaxerest rates model.

» Stochastic processes including jumps in the vafuthe firm, e.g. Zhou (1997) who
models the value of the firm with the help of ad3on process.

» Strategic bargaining between shareholders and Helaters, e.g. Anderson and
Sundaresan (1996).

» The effect of incomplete accounting informatiorDuffie and Lando (2001).

* Incorporation of bankruptcy costs and taxes (whitdkes it possible to work with

optimal capital structure) by Leland (1994).

Despite the theoretical limitations of the assuaoms of the classical Merton model,
the paper has stood the test of timeln the last 30 years, many extensions to the mode
addressing the criticized issues, have been madepmve its performance, out of which a
short selection is listed above. But the most seiftained and elaborated framework built on
the original Merton platform has been carried gutie Moody’'s KMV company.

4.10. The Moody’'s KMV model

The Moody’'s KMV model (MKMV) is a popular commeaticredit risk model used
extensively in various parts of the world. In thealt of the MKMV model is the Vasicek-
Kealhofer model, which is a generalized form of terton modeP’ Amongst the most
important improvements is the inclusion of fivefeient classes of liabilities (short-term,
long-term, convertible, preferred equity, and comneguity), letting the firm default at any
time the value of assets crosses the Default Pmirgstimating an implicit corporate-risk-free
reference curve instead of using the treasury clwgpirical setting of the Default Point or
using a more complex procedure to solve for asaleevand volatility? are among the other
enhancements of the original model. This leads taining the distance-to-default (DD)
measure, which is within the MKMV framework definast

V-F
(54) DDMKMV = W

9 This unpublished model was proposed around 1984. See Vasicek (1984) for some of the
improvements of the Vasicek-Kealhofer model to the original Merton model.

% For example the derived asset volatility from the iteration is combined in a Bayesian manner with
country, industry and size averages to produce a more precise estimate of the firm’s asset volatility.
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But the main difference between the classical dernodel and the Moody’'s KMV
model is that the original MM uses the cumulatieemal distribution to convert distances-to-
default into default probabilities. Moody's KMV igly argues that the probability from the
Normal distribution is too low and the credit risk’'t normal. The statistics books don’t go
beyond 3.49 standard deviations from default, wieefems that are 4-6 standard deviations
from default have defaulted.Therefore, Moody’'s KMV uses its widgstorical company
database (since 1973) to estimate the empirical distribaitmf distances-to-default and it
calculates default probabilities (in the MKMV temoiogy called the Expected Default
Frequency- EDF) based on that distribution. Ti&tance-to-default is mapped into the
Expected Default Frequencyfor a given time horizon. An exampf@ of such mapping is

outlined in Figure 5.

Figure 5: Mapping the distances-to-default into Expected Diéflarequencies

>

Expected Default 4
Frequency - EDF

45 bp
(0.45%)

1 2 3 4 5 6 7  Distance to Default - DD
Source: Crouhy et al. (2000), Crosbie and Bohn9)199

[

The resulting distribution of default rates has mwgder tails than the Normal distribution.
For example, a distance-to-default of 4 (4 standardations away from default) would from
the Normal distribution mean essentially zero phloldgt of default. However, Moody’s

% Measuring & Managing Credit Risk: Understanding the EDF Credit Measure for Public Firms (2004)
1% As shown in Crouhy et al. (2000), Crosbie and Bohn (1999). Crosbie and Bohn (2003) give the DD
of 4 already a 1% probability of default.
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KMV maps this distance-to-default of 4 to a defaalie of around 45 bp (0.45%), which is
roughly equivalent to S&P’s BBB-/BB, which is haydin investment grade bont.

To make the EDF variables comparable with the moadespread credit ratings, Table
5 shows the correspondence between EDFs and thmgsadf Standard & Poor’'s and

Moody’s.

Table 5: EDFs and risk rating comparisons

EDF (bp) S&P Moody’s
2-4 = AA > Aa2
4-10 AA/A Al
10-19 A/BBB+ Baal
19-40 BBB+/BBB— Baa3
40-72 BBB—/BB Bal
72-101 BB/BB— Ba3
101-143 BB—/B+ Bl
143-202 B+/B B2
202-345 B/B— B2

Source: Crouhy et al. (2000)

According to the researchers employed by MoodyM\K'%? the MKMV model
outperforms the original Merton model significantfyand shows a very good predictive
power% But the possibility to use the MKMV model and tB®F measures in the Czech
Republic is questionable. The distance-to-defduttiutd capture most of the relevant inter-
country differences in default ri§k (the different economic prospects for countries ar
already captured by the individual equity and agaktation). But MKMV’s empirical default
distribution is built on publicly listed compani@s the United States and, as a result, its
translation to other countries is unsure. HowelMyody’'s KMV claims that their experience
with EDF values internationally has been very geod that over half of their customers

operate outside of the US. Moreover, using a meation of the MKMV model, Moody’s

19 |nvestment grade bond is a corporate bond with a credit rating of BBB or above from Standard &

Poor's, or Baa and above from Moody's.

192 Cossin (2001, pp. 287) points out that “[t]here is no published systematic and scientific study that
assesses the performance of EDFs compared to classical ratings. Practical studies tend to come from
Moody's KMV itself and are rarely based on large samples or on valid econometric methods."

193 E g. Arora, Bohn and Zhu (2005). Sobehart, Keenan and Stein (2000) report that the Merton model
performs almost as well as the Moody's model in the case of extremely poor quality firms. However,
the Moody’'s KMV model clearly performs better beyond 10% of the population and is much better at
discriminating defaults in the middle ranges of credit.

194 As shown in e.g. Bohn (2000) and Agrawal, Arora, and Bohn (2004).

1% Crosbie and Bohn (2003)
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KMV is able to assess the credit risk of privatent#traded companies, which makes it
potentially useful for assessing credit risk of ldarloan portfolio®®

But the reason why the MKMV model is not being lagap in this paper is that,
unfortunately, the Vasicek-Kealhofer model and mahyhe modeling choices of Moody’s
KMV are proprietary information , thus not being publicly available. Hence, for sltepe of
this paper, the publicly available Merton model,thwiseveral improvements made by

Moody’s KMV, is the basis.

4.11. Empirical testing of the Merton model

Over the past several years, many researchersexarined the contribution of the
Merton model to the assessment of credit risk. Manyese studies utilize the credit spreads
observed on financial markets to evaluate the megekformance. A brief overview of some
of the most unambiguous results follows, roughlyidkd into evidence speaking for and

against the asset-based model:
4.11.1. Evidence speaking for the use of the Merton ~ model

» Sarig and Warga (1989) estimate the term struatficeedit spreads and show it to be
consistent with contingent claim model predictions.

* A study by Wei and Guo (1997) tests the models eftbh (1974) and Longstaff and
Schwartz (1995) and finds the Merton model to beignally superior.

* Lardic and Rouzeau (1999) implement the Merton rhadebond market pricing
issues and find that the model provides valuabl& iaformative results about the
fundamental credit quality of the firm. Their stuchynfirms that the Merton’s model is
efficient for monitoring purposes but, however, tquinaccurate for trading and
pricing needs, since the Merton’s firm-specific egut does not explain all of the
market spread.

e Cossin (2001) reviews the comparative statics okisé more complicated asset-
based models and concludes that the basic intuitidhe Merton model seems to be

useful for pricing risky debt.

1% Crosbie and Bohn (1999) hint that when the information about the equity value of the firm is not

available, peer comparisons are used and the asset value and asset volatility are estimated using
financial statement data and industry and country comparables. The methodology may have changed
recently as this remark does not appear in the later version of the paper- Crosbie and Bohn (2003).
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Gemmill (2002) shows that Merton’s model works wiellthe particular case when
zero-coupons are being used for funding. He emphays-coupon corporate bonds
data and concludes that model and market spreaglsomraverage of similar
magnitude. He draws a conclusion that market sgread high (relative to model
spreads) for bonds which have low risk and for Isontlich are near to maturity.
Hillegeist et al. (2004) use a relative informationtent test and find that structural
default probability measures contain relatively enamformation than Altman's<Z-
Scoreand Ohlson’©-Score

Duffie and Wang (2004) show that Merton-implied aléf probabilities have
statistically significant predictive power in a ned@f default probabilities over time,
which can generate a term structure of default giodibies.

Bohn, Arora and Korablev (2005), practitioners obddy’'s KMV, argue that the
MKMV model captures all of the information in tréidnal agency ratings and well

known accounting variables.

4.11.2. Evidence speaking against the use of the Me  rton model

Frank and Torous (1989) find that contingent-clamodels yield theoretical credit
spreads much lower than actual credit spreads.

Similarly, Jones et al. (1984) use a sample of @mgs with relatively simple capital
structures and find low theoretical spreads compareactual spreads. They conclude
that the Merton model is not an improvement oveirtimaive (riskless) model for
investment grade bonds.

Mella-Barral and Perraudin (1997) show that thepdinstructural models (eg. Merton,
Geske) forecast spreads which are smaller than enapreads, particularly for
companies which have low leverage and low volgtildut the more complicated
structural models which produce larger spreads (egngstaff/Schwartz and
Leland/Toft) also produce large errors. Anothediiny is that whether a model allows
for stochastic interest rates or not does not makeh difference.

Stein (2000), Sobehart and Stein (2000) and Sobahdr Keenan (1999) argue that
the basic Merton model can easily be improved uddmy provide some evidence

that unmodified, Merton-type models are not, irt,faomplete.
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» Bohn (2000) surveys some of the main theoreticalateoof risky debt valuation that
build on Merton (1974) and Black and Cox (1976) éinds empirical evidence that
the actual credit spreads are higher than modehsgt

* Bharath and Shumway (2004) find evidence that tlodagbility of default derived
from the Merton’s model is a marginally useful ddfaforecaster, but it's not a
sufficient statistic for default.

e Campbell, Hilscher and Szilagyi (2004) estimateandzanodels that incorporate both
probability of default (derived from the Merton nedd and other variables for
bankruptcy, finding that Merton model's probabiligf default seems to have
relatively little forecasting power after conditiog on other variables.

» Arora, Bohn and Zhu (2005) assert that the basiddvienodel is not good enough for
practitioners and appropriate modifications toftaenework make a difference.

* Du and Suo (2003) conclude that structural modaelslliz provide any significant
additional capability when they are used for fosticey credit ratings.

The previous research results can be, in a venplgied manner, summarized as that
the Merton’s model igfficient for monitoring purposes andgives an early warning signal
about the nearing default of a company but is not aufficient statistic for predicting
default and is unsuitable for pricing and trading purposes Moreover, the Merton model

estimates credit spreads that are significantlyelotian those observed on the markets.

5. Merton model in the Czech Republic

5.1. Previous research

The Merton model hasn’'t drawn so far much attention fran researchers within
the Czech Republic® The papers discussing the asset-based approach pawailingly
form the Czech National Bank (CNB) and are mosthgeal at comparing alternative credit
risk models for the purpose of determining capiggjuirements for banks within Basel Il.

97 Here | mean the Merton model for individual companies, which derives the credit risk from the

development of credit risk from market prices of bonds and/or equity. For example Jakubik (2006)
applies a single-factor Merton-type model for macroeconomic credit risk modeling and stress testing,
but this model derives the credit risk for the whole economy (i.e. financial stability of the Czech
Republic) based on macroeconomic variables.
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Even though some CNB autht¥sapprove the use of Moody's KMV model for banks jeth
have a large share of their portfolio representgdcdrporate credits, this endorsement is
caused by MKMV'’s potentially superior modeling tagjues and especially their ability to
estimate credit risk for privately-held companidieverthelessthe possibility to use the
Czech capital markets for credit risk modeling hasbeen more or lessrejected. For
example Jakubik (20085 claims thatfor the analysis of credit risk, models based on
market prices of shares or bonds are not of much @&s because the Czech capital market
is not very well developedPe&ena (2003) argues that the asset-based model caansted
in the Czech Republic even for companies that atdigy traded. The reason is that it is
impossible to historically rely on the fact that the share prices reflect the real economic
situation of the firm.

But, as far as I'm aware, there hasn’t been alsiagademic study that would try to
actually implement the Merton model on the listesmpanies in the Czech Republic and

compare the obtained values with other measuresedit risk.

5.2. The probabilities of default for Czech compani  es

5.2.1. The company selection process

As of beginning of January 2007, there are totalycompanies listed on the Prague
Stock Exchange (PSE). Out of these 32 companidg,nam-financial companieshave been
selected, because the business area of finangétutions differs considerably and the
model, such as setting of the Default Point, wole to be adjusted, generating thus
incomparable results® In order to obtain at least a short time seriet@ dar further
comparison, only companies that had bksted in (or prior to) 2004 have been selectétf:
Moreover, since the key input of the Merton modethie equity volatility, companies, whose
stock is not beingctively traded, are rejected. A rather lenient criterion was'Setyhich
leaves, nevertheless, orll companies for subsequent analysis

108 g g. Derviz, Kadl¢akova (2001) or Kadl€akova, Slvova (2002)
% As quoted in CNB, Financial Stability Report (2005)

% Two companies, Erste Bank AG and Komer¢ni Banka, a.s. have been excluded on behalf of this
restriction.

! The companies CETV (Central European Media Enterprises Ltd.), ECM (ECM Real Estate
Investments A.G.), Orco (Orco Property Group S.A.) and Pegas Nonwovens SA did not meet this
condition.

2 The traded volume of the companies’ stock during 2006 had to be at least CZK 15,000
(approximately EUR 550) for more than one day in that year. The companies that were excluded are:
Ceska namorni plavba, Ceska zbrojovka, Energoaqua, Jihomoravska plynarenska, Lazné Teplice
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These selected non-financial companies that amreefctraded on the Prague Stock
Exchange are, together with the excluded compadigsicted in Appendix B. Despite the
fact that the 15 companies met the criteria fothier analysisbig differences in the trading
activity and equity volatility persist. The Appendix C has an overview of thereshpaice
development for all of the companies since 200lve&¢ companies, such as
Severomoravska plynarenska, a.s. ae®keska plynarenska, a% are not traded very
frequently and as a result, the share prices chaniyerarely.

5.2.2. Counting the default probabilities

In order to compute the probability of default ired by the Merton modelPR,,, ,

the eight steps that were already described in@edt5 have to be taken. In accord with the
convention, a 1 year horizon for default has bdwsen. The whole period for observation of
default probabilities comprises of thast five years (2001-2006)The equity volatility is
computed using the historical stock price dataxnek (see Attachment 1 “Shares&ve”) as an
annualized standard deviation of daily returnsne gear (as described in Step 2). The market
value of equity, E, is simply the number of shavatstanding (see Attachment 1 “Issue” for
the values and changes in the total issued shiames$ the share price of the last day of the
year. The Default Point F is set equal to the bwealkie of total liabilities. The annual 1Y
PRIBOR rates have been chosen as the risk-freeTagemethod used to infer the values of

V and g, is tosolve simultaneouslyEquations (28) and (34). The main reason for priefg

this option, despite the justified critique, is teamplicity of this method and the easy
tractability of the exact computations. These velaee used to calculate the asset duft
from the relationship in Equation (36). With all dfiese model inputs, thdefault

probabilities, DR,,, , theoretical credit spreadsCS, and the distances-to-defaultpD, are

finally computed. The results of the Merton model for the years 200@6 are reported in
Appendix E.

The actual computations are made in the statisstoiware SAS and the program
“Merton_final.sas” (see Appendix D) and the reqdidataset “Merton.sas7bdat” are attached

in Attachment 2.

v Cechéch, Lé&ebné 1azné Jachymov, Prazska plynarenska, Prazské sluzby, Slezan Frydek-Mistek
and Zapadoceska plynarenska. Despite meeting this condition, RMS-Holding had been excluded as
well because its share price hasn’t changed throughout the whole year 2006.

113 stredogeska plynarenska for example did not encounter any movement in share prices throughout
the entire year 2003.
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5.3. Comparison with other indicators of credit ris Kk

In order to assess the results of kerton model (the Merton-implied probabilities
of default) it is useful tacompare them to other indicators of credit risk These other

indicators are thAtman’s Z- and Ohlson’sO- Score as proposed in Chapter 2, together with

their updated versions Z-Scoré andO Scor& .1

The Z- and O-Scoresare calculated using fiscal year-end data and thg they are
constructed (as scoring functions), do not reprebankruptcy probabilities. Therefore, in

order to comply with the probabilistic form of tH&R,,, variable, thesecoresare turnednto

probabilities using the logistic transformation via logistic cumulative distribution

function*®

Score

e
1 + eScore

(55) DP=

In this manner, the probabilities implied by thegoval Z-Score, Z-Scoré€ , O-Scoreand

O-Scoré are obtained and denotedZ®rob, Z-Prol’ , O-Proband O-Prol’ respectively.
From the properties of logistic transformation, sithevalues indicating the probability of
default fall naturally between 0 and 1.

Another indicator of company solvency could berespnted byredit ratings from
external rating agencies But unfortunatelyery few ratings have been assigned by external
rating agencies to the 15 selected companies. éilh@g, only several companies based in the
Czech Republic have acquired from the rating agsn&tandard & Poor’'s and Moody's a
credit rating®® and out of these rated companies, only two comepaare analyzed in this
paper’ Moreover, despite my expectations, the largesalloating agency, CRA Rating
Agency*® (CRA), has assigned for the Czech listed compamidg two ratings as welf®

The main reason for the insufficient number ofngsi from these agencies is their relatively

14 The coefficients of the Altman’s Z-Score had to be inverted so that the lower the Z-Score, the

better-off is the company. This step is necessary for transforming the scores into default probabilities.
15 1t can be easily recognize that, regardless of the size of the “Scores” this transformation always
produces values (the default probabilities) in the range of 0 to 1. For details on logistic transformation,
refer to e.g. http://www.statsoft.com/textbook/glosl.html or Hillegeist et al. (2004).

18 As of January 2007, Standard & Poor’s has given a long-term rating to 21 Czech companies,
whereas Moody's only to 8 companies.

7 Out of the 15 analyzed companies, the only two that have an assigned rating from Standard &
Poor’s- are CEZ, a.s. (A-) and Telefénica O2 Czech Republic,a.s. (BBB+). Moody'’s ratings for these
companies are A2, respectively Baal.

8 1 the Czech Republic, the CRA has assigned to date around 80 international ratings.

19 stredoceska plynarenska, a.s. (Baa) and Spolek pro chemickou a hutni vyrobu, a.s. (Ba).
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high price and the fact that the base of smallviddial investors relying on the rating data to

place their investments is very narrow.

The last source of information about credit ris&tthas been included in this analysis
are theCzech Sector Award rankingsalready introduced in Section 2.5. These rankiogs f
the years 2001-206% are included in the comparison as well, becausg gilow simple
comparison across companies and give an idea dabeutlevelopment of the company’s
financial indicators in time. The comparison of @flthe analyzed measures of credit risk is

depicted on the following diagrams.

CEZ, as.
Probabilities of default [in %], CSA ranking and S&Rd Moody’s ratings
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120 The rankings for the year 2005 haven't been published yet. Rankings haven't been awarded to
Zentiva a.s. for the year 2004, as well as to Spolek pro chemickou a hutni vyrobu, a.s. for the year

2002.
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Jiho¢eské papirny \Et¥ni, a.s.

Probabilities of default [in %] and Czech Sectorakd/ranking
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Probabilities of default [in %] and Czech Sectorakd/ranking
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Philip Morris CR a.s.
Probabilities of default [in %] and Czech Sectorakd/ranking
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Prazska energetika, a.s.
Probabilities of default [in %] and Czech Sectorakd/ranking

Ranking & o P D4

0.000 0.001 0.000 0.000 0.000 0.000
0, + 09
06| 174 © o o 5! o ° 0%
] 1345
1051
8.96
5.09
/ —_—
115 110
1.01 0% 0,95
0.79 :
0.7 071
0.62
0% 0.01 0.01 0.01 0.01 0.01
2001 2002 2003 2004 2005 2006

[JAtmanZ [ AtmanzV [ OhlsonO Il Ohlson @ () CSAranking —@— DPy,,

57



SETUZA a.s.
Probabilities of default [in %] and Czech Sectorakd/ranking
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SPOLANA a.

S.

Probabilities of default [in %] and Czech Sectorakd/ranking

Rarking % ¥

0.485
[%]
32.91
L—
131
0.06
0%
2001

0.042 0.000

48.04 83.67
12.04 25.87
L—

L —

131 1.41] 1.37

053 0.62
0324 94
0.07
2002 2003 2004

0.249

31.76

\

127

0.28

2005

[J AtmanZz [ Altmanz¥ [ OhlsonO Il Ohlson @ () CSAranking —@— DPy,,

Spolek pro chemickou a hutni vyrobu, a.s.

Probabilities of default [in %] and Czech Sectorakd/ranking and CRA international rating
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Stredateska plynarenska, a.s.
Probabilities of default [in %] and Czech Sectorakd/ranking and CRA international rating
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Telefénica O2 Czech Republic,a.s.
Probabilities of default [in %], CSA ranking and S&Rd Moody'’s ratings
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TOMA, a.s.
Probabilities of default [in %] and Czech Sectorakd/ranking
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Vychodoéeska plynarenska, a.s.
Probabilities of default [in %] and Czech Sectorakd/ranking

Rankng ) (45) 4 ;N 0w "
0.000 0.000 0.000 0.000 0.000 0.000
) o @ @ @ @ ® 0%
(%] 2230
19.62
15.45
11.66
/
= = 8.38
1.29 :
1.20 119 115
09 590
0.84 079 :
063 0.64
0.06
0% 0.05 0.03 003 0.02
2001 2002 2003 2004 2005 2006
[J AtmanZz [ Altmanz¥ [ OhlsonO Il Ohlson @ () CSAranking —@— DPy,,
Zentiva a.s.
Probabilities of default [in %]
DPyw [%]
(%]
0.000 0.000 0.000
@ @ L T 0%
1.02
0.35
0.11
0% 0.01 - 0.00 0.01
2004 2005 2006

[J Atmanz [ Attmanz¥ [ OhisonO Il Ohison® —@— DPy,,

62



5.4. Comments on the results

5.4.1. The ability of the measures to incorporate n  ew information

One way to evaluate the performance of the indiictredit risk measures is to look
at theirability to incorporate new information about an adwerse change in the financial
health of a company The capabilities of these measures to identiffrra in financial
distress can be most clearly demonstrated on thengbes of Spolana, a.s. and Jibské
papirny \&tini, a.s.

The floods that hit the Czech Republic in 2002 hadery big negative impact on
Spolana, a.sAs a result of stopped production and high cossoaated with the damaged
facilities, Spolana has made a loss of CZK 0.5idmillin 2002. Moreover, in 2003 the
company streamlined its production, which requitezicreation of a corrective item to assets
in the amount of nearly two billion Czech crownslded to a lost of CZK 2.6 billion. This
loss was more than a half of the firm’s total assetthe year 2003 (which decreased as well
by almost CZK 3 billion). The CSA ranking given &polana was B-5, which is the second
lowest ranking possible. The general manager ofé®podescribed the situation at the end of
2003 as “rising from the dead" after the 2002 floods. The company survived thiticel
period and since 2004 started to be profitable.

The original Z- and O- Scores reflected the financial distressof the company as
both of these measures predicted a higher defaoittapility in the hard times for Spolana.
Especially the otherwise very low Ohlsoi®@sScoreappraised the huge loss of the year 2003
by a sharp increase from 0.07 to 12.04%. The ingadinancial situation since 2004 led to a
decrease in these two scores. Th@andO- Scoreswith updated coefficients also moderately
increased in 2003 and decreased again in 2004.

Despite the evident troubles of Spolana,Ntegton model didn’t reflect the adverse

information and theéDR,,, was even decreasing during the years 2002 and. Z0@3main

reason is that despite the low-lying value of tlmmpany’s shares, the equity volatility
remained rather low and the firm's total liabilgiestayed almost constant as well.
Nevertheless, in the case of Spolana, KMerton model failed to identify the serious

worsening of the company’s financial situationand the implied default probability had

been unreasonably low.

121 gpolana, 2003 Annual Report
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Interestingly, the predicte®PR,,, increased in the year 2005 as a result of thepshar

increase in the stock prices. This may be dueddits from the simultaneous inferring of
the asset value and volatilityas described in Step 7 of Section 4.5. The quickvtr in
market share prices represents a quick decreat® imarket leverage, which leads to an
overestimation of asset volatility from Equationd)3 This erroneously implies a higher
probability of default while at the same time, thecrease in the market leverage would

suggest improved credit.

Another example of the ability of the credit risieasures to reflect nearing default is
that of Jiho¢eské papirny Vétini, a.s. This company had a highly unsuccessful year 2002
when it made a loss of almost CZK 1 billion and bagell all of its minority capital interests
and several subsidiaries to cover this loss andasses from previous years. The net total
assets fell to CZK 800 mil, which was lower thae tibsolute value of the total loss. The
credit quality of the company had certainly beeteaéd by the financial troubles and the
company received a ranking of B-5.

TheZ-Scorewas predicting for the years 2002 and 2003 a dtefath almost a 100%
certainty and th®-Scoreincreased from 0.01 to 0.43%. Nevertheless theutigbaobability
implied by theO-Scoreand all of the other measures of default risk iflessZ-Scoré
remained unreasonably low.

Despite the obvious plunge in share prices inntinddle of 2003, the Merton model
predicted a relatively low 0.18% default probailior this year as well. In 2005 (when the
situation of the company was already relativelyo#iteed), the shares were highly volatile.
Despite the fact that the shares were trading ardbe value approximately three times
higher than the share price in the second halb6B2theDBR,,, reached its maximum for the
whole sample- a 1.2% default probability. This wbwuggest that th&lerton-implied

default probabilities are more sensitive to share gce volatility than to the market value
of equity.

5.4.2. Comparison with credit ratings

In the case o€ EZ a.s. and Telefénica 02 Czech Republic,*& ssome comparison
with the ratings of external rating agencies issgus. According to Table 5, the probability

of default for a BBB+ (Baal) rated company movesveen 10-40 (10-19) basis points. For

122 Eormerly Cesky Telecom, a.s.
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the year 2001, this corresponds precisely to theegeobtained by the Merton model fOEZ

a.s. In other years, the Merton model implies elogver probabilities, mostly as a result of
the growing equity value of€EZ. It is important to point out that a BBB+ ratirgll

represents a very high investment grade as theh(epublic never had a rating higher than
A+.'>® The Merton-implied default probabilities for Tedeica 02 are almost identical as
those ofCEZ. The ratings from the rating agencies are aésy favorable and suggest a very
low investment risk. The two companies that havinga assigned by the CRA Rating
Agency, Spolek pro chemickou a hutni vyrobu, and. 8tedaeska plynarenska, a.s., are also

rated as low-risk companies, which correspondhéddw values oDR,,, .

Overall, the only conclusion that can be drawn flee Merton model from the
comparison with credit ratings is that tiverton model correctly estimates very low
default probabilities for these blue-chip companies. On the other h#mel,probabilities
implied by the originalZz-Scoreand the update@®-Scoreseem to be very high for these

highly-rated companies.

5.4.3. The quality of the accounting-based measures

The probabilities of default derived from theAlin’'sZ-Score have beervery high
for many of the firm-year observations. The reasam be that scoring functions for Altman’s
Z-Score and Ohlson’$D-Scorewere estimated on the data from the U.S. compaBigtsthere
are major differences in the form of financing be¢w the United States and Europe. In
Europe, the ratio of debt to equity is traditiogaiigher'* But at the same time, this ratio
significantly influences the resulting-Score This has the consequence that several
companies are evaluated by th&coreas having high probability of bankruptcy, whereas
reality they are considered to be well establishred safe. To give an example, the probability
of CEZ and Telefénica 02 defaulting between the ye@fsl2and 2003 has been assessed by
the Z-Scoreto be above 15%, which is unreasonably high. Loglaside from the generally
high default probabilities, th&-Score seems to be able to reflect adverse changes
companies’ financial situation such as in the cases of Spolana and@gi@ papirny ¥tini.

The situation for theoriginal O-Scores is similar except that the implied default
probabilities are for most of the companies on domtrary very low (below 0.01%).

123

Al.
124 pegend (2003)

As of January 2007, the S&P rating for the Czech Republic is A-. Current rating from Moody’s is
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Nevertheless, they seem to be abledoectly identify firms in financial distress as well.
This is caused by their relatively high sensitivitythe profitability of the company, such as
in the case of Spolana in 2003.

The analysis of results for th& and O- Scores with updated coefficients gives
ambivalent results. They generally tend to be \staple across companies and in time. This
is mostly caused by their relatively low coeffidemf the explanatory variables entering the
scoring functions in comparison to the constanhtétven though they correctly incorporate
some of the information from the financial statetserthe fluctuations in the implied

probabilities are too lowto call these measures good approximations otyeal

5.4.3. The quality of the Merton model

The computedMerton-implied default probabilities were for all of the companies
very low. This partially corresponds to the results of salvempirical studie$” For
example, Hillegeist et al. (2004) on a very largmple of US companies find that the median

estimate forDR,,, is for non-bankrupt companies essentially zer01®). Nevertheless, the
mean estimate obR,,, for these companies is already 5.61% and for &mktupt companies
in the sample, the mean rate was 24.76%. Thereforero DR,,, for Spolana, a.s. and

Jihaieské papirny, a.s. in 2003 (2002), cannot be jedtds both of these companies were in
these years in serious troubles. For most of therotompanies, the low Merton-implied
default probabilities can represent the fact thatbmpanies listed on PSEre considered to
be ofhigh quality and creditworthiness. Moreover, the companies wighhighest liquidity
(i.e. members of SPARY are perceived as the Czech blue-chip compaAiesther reason

for the low Merton-implied default probabilities can be the use of Normal distribution to
map the distances-to-default into probabilities, beause theprobabilities from the Normal
distribution are too low?’ For example, a DD of 4 (similar to that of Spoldna2004) is
mapped by the Moody’s KMV model into a default pabbity of 1%?® The corresponding

DR,,, based on the Normal distribution is essentiallpzer

125 E g. Bohn (2000), Mella-Barral and Perraudin (1997), Frank and Torous (1989), and Jones et al.
(1984) find theoretical credit spreads (a function of the default probabilities) lower than the actual
credit spreads.

126 These companies are CEZ, Philip Morris, Telefénica 02, Unipetrol, and Zentiva. SPAD (System for
Support of the Share and Bond Markets) trading is based on the activities of market makers who are
responsible for providing enough liquidity on the market.

127 Measuring & Managing Credit Risk: Understanding the EDF Credit Measure for Public Firms (2004)
128 Crosbie and Bohn (2003)
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Despite these justifications for the low defauttlmbilities, in my opinion thiMerton
model does not sufficiently incorporate the informéion about the worsening situation of
the companies such as in the case of Spolana in 2003. Oneeafg@isons can be that the key
assumption about the market efficiency may be téolaThe Merton model relies on the
ability of financial markets to properly incorpogainformation from the firms’ financial
statements and reflect the underlying credit riSkhe company. This assumption for the
Czech Republic has already been rejected by preatudies (see Section 5.1). Moreover, the
last six years can be defined as time of “stockketaenthusiasm”, which can be illustrated by
the impressive growth rates of PX, the PSE indere (Appendix C). All of the analyzed
companies (except Jibeské papirny) ended the year 2006 with share pvigleies
significantly higher than those of 2001. In suchdiof investors’ “euphoria”, the share prices
are more of a reflection of general climate on mha&rkets than an appraisal of the “real”
situation of the company. But worse yet, in theesasvhen the stock market correctly
reflected financial distress, such as a in the sadeSpolana, a.s. and Jdeské papirny
Vétini, a.s., and the share prices fell considerabhlyMerton model failed to incorporate
this information from the financial market and predict higher probabilities of default.

One of the reasons may be that simultaneousriimfeof the asset value and volatility
already discussed earlier in this paper caudeiaa of the model in both directions
Therefore, a sharp decrease in share prices leaals inderestimation of default probability

and the sharp increase results in an overestimafiddR,,, . The “downward” bias can be

deduced for example from the low implied probaieititin the year 2002 for Spolana or the
year 2003 for Jihngeské papirny. The “upward” bias can be witnessethenperiods of high
growth in share prices for e.g. Spolana, d@s&é papirny or PARAMO in the year 2005.
Moreover, the original Merton model is especiallyod at predicting defaults for
extremely low quality firm&® but the companies listed on the Prague Stock HExghare

considered to be blue-chip companies.

Based on the observations of the Merton-impliedaule probabilities and their
comparison with the other measures of credit rigk ‘@aeality”, theMerton model cannot be
seen as a good measure of credit risk for the analyd companies There can be many

reasons for the poor performance of the model rendiom the violated assumption of

129 5obehart, Keenan and Stein (2000)
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market efficiency to the wrong modeling choicest Be many reasons as there might be,

none of them however defends the use offf,, as a good approximation of credit risk.

6. Model quality evaluation

In the previous chapter, the method for assessrokerguality of the respective
measures of credit risk was largely based on immpon of the diagrams and their
confrontation with the financial statements of #malysis. Such analysis makes it possible to
comment on the performance of the individual cregi indicators and make suppositions
about their quality. But some questions likKé/hich of the measures of credit risk is the
best approximation of the real situation of the comany? How good is this
approximation?” can arise. To give an answer to these questi@mrmge sest of model
guality has to be carried out.

In order to carry out an empirical study testihg performance of a credit risk model,
someground for model quality evaluation is necessaryln the context of the Merton
model, such ground can be represented by obsemestit spreads on the markets, large
samples of companies (with a certain part of tls@e being a population of bankrupt

firms), and credit ratings from external rating ages.

6.1. Tests of model quality based on credit spreads

It has often been the case that empirical testh@fMerton model have used the
Merton-implied theoretical credit spreads(as introduced in Section 4.6.4) and compared
these spreads with the actual spreads observeleomarkets$*® Nevertheless, such test of
the performance of the Merton modkdes not allow the comparison with other measures
of credit risk, such as the accounting-based variables, as theasures don't give explicit
formulas for credit spreads. Moreover, using credreads as a measure of default probability
has many shortcomings. The most important oneaisthie credit spreads are a result of many

other factors besides the purely economic difes.

%0 For a selection of empirical tests utilizing the credit spreads, refer to the Section 4.11. of this paper.

131 E g. a bank is trying to attract a new client, which may result in lower credit spread.
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6.2. Tests of model quality based on large samples of bankrupt
and non-bankrupt companies

Such ground for model quality evaluation that \adocomparison of alternative
methods/models could ideally be represented bgmaple of bankrupt and non-bankrupt
companies In this context thenodel quality is determined by its ability to correctly
identify failed and non-failed firms. Most of the empirical studies assessing the ghilft
the Merton model to forecast default have been goted on these large samples of bankrupt
and non-bankrupt compani€¥.One option of how to use this ground for model ligua
evaluation is to use prediction-oriented tests i&irtjuish between alternative statistical
models and/or different groups of explanatory \@ga** Because the dependent variable is
binominal in nature (the company defaults or itsfo® a single-period logit* approach is
usually taken, where only one observation per comps used>> Another possibility is to
use multi-period relative information content tesiscompare the amount of bankruptcy-
related information contained in each of the coragdrankruptcy measuré&s.

Both of these methods have been in the last yemtsnuously refined and can be seen
as the best possibility to assess the models’talii estimate the probability of default.
However, for evaluation of the Merton model, thdsests require large databases of
publicly traded companieswith a part of the population consisting of bangtrirms. Such
datasets can be mostly found in the Anglo-Saxomitms and access to these databases is

not free of cost.

6.3. Tests of model quality based on credit ratings

An alternative ground for model quality analys@s de represented loyedit ratings.
Thus, theability to correctly predict corporate credit ratin g defines the model quality
The tests of quality of the Merton model (or otimeodels of default probability) that are
based on credit ratings from the external ratingnages assume thettedit rating is the best

132 For example Hillegeist et al. (2004) use a sample of 78,100 firm-years including 756 initial

bankruptcies.

% These tests often involve determining a cutoff value that is used to classify which firms are
expected to remain solvent and which are expected to declare bankruptcy within a particular (typically
one-year) time horizon. Prediction accuracy is assessed by comparing the total Type | and Il error
rates for each alternative specification, and the model with the lowest total error rate is deemed the
best. [Hillegeist et al. (2004)]

134 See Section 6.3.2 of this paper for the discussion on logit and logistic transformation.

135 Shumway (2001)

1% E.g. Hillegeist et al. (2004) use a discrete hazard model to assess how well each bankruptcy
probability measure explains the actual probability of bankruptcy.
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available proxy for the probability of default. The criteria employed by rating agencies for
determining specific ratings are in these testssicamed to be the most comprehensive
because they involve both quantitative and qualgdtctors.

In order to understand the tests of model qubkitsed on credit ratings, it is necessary

to take a small detour and look at the rating madel

6.3.1. Rating models

Derived from the traditional models of credit ridkscribed in Chapter 2, the rating
models have represented a new framework in asgedgncredit quality of public firms and
were based on the pioneering work of McKelvey amstdtha (1975}3" The rating models
are a standardized approach to assigning a cegtigrbased on a predetermined information
set. The credit rating, as a discrete variabl@ssessed through ordered dependent variable
models, such as logit or probit. These models abmwordered specification for the credit
quality of firms where default can be regarded apexial case of credit rating.

The rating models lack the qualitative approachthe credit ratings assigned by
international rating agencies (as introduced inpgidra3). As a result, these rating agencies
have been skeptical about whether models usinggbylalvailable information can replicate
the professional rating process. Neverthelessmigodology of the ratings modelswhere
the credit rating, as a discrete variable, is asskghrough ordered dependent variable

models, can be used for assessment of explanat@rgrpf the individual input variables.

6.3.2. The ordered logit regression  *3®

Theordinary logit model has the following form

ea+ XiB

56 =
( ) pl 1+ ea+xiﬂ

where p. is the actual probability of bankruptcy ieth firm, a is a constantX; is a vector
of (continuous) explanatory variables, aptl is the coefficient vector. This model can be

easily linearized using logistic transformatioroint

37 Notable contributions in explaining and predicting credit ratings with ordered dependent variable

models are from Cantor and Packer (1996), Blume, Lim and Mackinlay (1998) and Pottier and
Sommer (1999)

138 Before going into details about the logit and ordered logit, the interested reader should refer to the
used-sources list of web pages dedicated to the issue of logit and logistic transformation (especially
the comprehensible pages of STATISTICA software http://www.statsoft.com/textbook/glosl.html).
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(57) Iogit(g):ln{l%l.'plj:a+ X B

In the case of credit ratings, there are moregoaies (the ratings), in which the
dependent variable can fall and therefor@atered logit regression should be usetf® The
ordered logit model depends upon the idea of timeutative logit, which in turn relies on the
idea of thecumulative probability. The cumulative probabilig;, can be thought of as the
probability that the rating of a compary,is in thej th or lower category (i.e. it has a rating

of j or a lower rating):
o
(58) C,=Pr(ys< j)=) Prly=k)
k=1

The logistic transformation (see Equation (57))nsuthis cumulative probability into the

cumulative logit expressed aslmear function of independent variables

J

(59) Iogit(Cj)zln( CiC j:aj + BiX+ By Xt By %

wherej denotes the given category of the dependent varighé rating),a; is the intercept
for this rating category, ang ,  are the independent variables that enter the mwitiettheir
respective betag .

If p,  are the probabilities that the response variablefall in the j-th category

(j=1,2,.k) or lower, the cumulative ordered logit can beresped as:

logit ( p,) Eln(lpl}aﬁﬂlxlwzxz.ﬁm

. +
logit(p, + p,) =In (%] =a,t Bt B% B X
1 2

(60)

. _ Pt Pt |
logit(p,+ p,+...+ ) = In( ]—a +L %+ 6, %..+ [,
(IO1 2 R) [T — kTOXTO% X

and p+p,+ .+tp =1

139 For discussion on this topic, see e.g. Hao (2006) or the elaborate web pages of the Columbia

University in New York (http://www.columbia.edu/~ag2319/teaching/G4075_Outline/node27.html)
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There is a different intercept; for each level of the cumulative logit, biff_, , ,
remain constant. Eaclyr; indicates the logit of the odds of being equalotoless than

category] when all independent variables are zero. Thusetliwtercepts will increase over

j.**° The B determines, how a one-unit increase in the indégeinvariable increases the log-

odds of being lower than categqry

It is important to point out that the above meméd model is thesingle-period
ordered logit model which only includes one firm-year observation &ach company. In
order to model time-varying changes in the undegdyiisk of bankruptcy, anulti-period

141

ordered logit™, written here in the vector form whetedenotes time period (i.e. year of

observation)
(61) Iogit(Ci’t ) =a(t)+Bx,

would have to be used.

6.4. The test of the Merton model in the Czech Repu  blic

In order to compare the results of the Merton rhodéh those of the traditional
accounting based measures (fieandO- Scorey of companies in the Czech Republic, the
tests based on large samples of bankrupt and non-blrupt companies cannot be used
The reason is that until nowot a single firm among the few publicly listed corpanies on
PSE has defaulted

For the purpose of testing model quality basedhacredit ratings, a considerable
amount of companies with an assigned externalgdtas to be obtained@he total number
of fifteen analyzed companiesvould already béoo smallto obtain any statistically reliable
results. Moreover, there is a major problem withitisufficient number of ratings assigned
by external rating agencies to the 15 selected eomep. Standard & Poor’'s and Moody’s
assigned ratings only t6EZ, a.s. and Telefénica O2 Czech Republic, a.s.thrdCRA
Rating Agency rated only two companies as welig@&teska plynarenska, a.s. and Spolek

pro chemickou a hutni vyrobu, a.s.).

9 These intercepts are sometimes referred to as cutpoints, or cut-off points as they indicate the

boundaries of the dependent variable (the rating categories).
11 See e.g. Hao (2006) for an implementation of the multi-period ordered logit.
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Therefore | can conclude that the Czech Republic, there is no ground for the
evaluation of the Merton model, which would allow astatistically reliable comparison
with other (accounting-basedheasures of credit risk.

6.4.1. Rankings as the ground for model quality

Nevertheless, | would like tdlustrate the theoretical concepts of tests basedn
credit ratings (described in Section 6.3.2) orpeactical example In these tests, the credit
rating, as a discrete variable, is assessed thraugared dependent variable model to
determine the explanatory power of the individuaput variables. Here, the computed

measures of credit risk from Chapter BF,,, the Z-Score Z-Scoré, O-Score and

O-Scoré) enter the model as the independent variabledtaid ability to correctly explain
the response variable is assessed. Since the alxbéeedit ratings as the dependent (response)
variables are missing, some other discrete (ordivatiable of credit risk has to be used
instead. The only such available source of inforomaabout solvency for all of the analyzed
companies are th€zech Sector Award rankingsalready introduced in Section 2.5 and in
Chapter 5. These rankings are available for théyaed companies between the years 2001-
2004"* (see Attachment 1 “CSA rankings” for the list bése rankings).

But rankings are, unlike credit ratings, purehagtitative methods based on financial
indicators, and thability of the CSA rankings to correctly representthe “real” default
probabilities is very limited. Because of theery small sample sizeand theuse of the
simple rankings instead of credit ratings running anordered logit regression on this
dataset cannot generate any reliable results withtatistical power. Nevertheless, the
methodology, which should be seen as the main focus of this®g is equivalent to using
credit ratings as the ground for model quality evaluation.

In this actual testthe tested hypothesis is whether the probability ofdefault

estimated from the Merton model (DR,,, ) will be able to explain the company rankings

better than the accounting-based measures.

2 The rankings for the year 2005 haven’t been published yet.
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6.4.2. The ordered logit regression for the Czechc  ompanies

The independent variables in the form of probaesdi are not consistent with the

ordered logit model. Therefore)R,,, should be thdransformed into a scoreusing the
inverse logistic function(i.e. the opposite process to that described uaEgn (55)), so that

(62) MMscore=In DB
1-DR,,

As DB, approaches zero (ondylMscoreapproaches negative (positive) infinity. In

order to exclude extremely large values from tlgrassion, the scores are “trimmed” so that
the minimum (maximum) value dfiMscoreis -13.8155 (+13.8155), which is equivalent to

DPR,,, being 0.000001 (0.999999).

The single-periodrdered logit model from Equation (59)akes (after substituting

for the explanatory variables, transforming tb&,,, into MMscoreand taking into account

the total number of ranking categori&% thefollowing form:

logit(C,) = a, + B,(MMscord + 3,(Z-Scorg + ﬁ’3( Z-Scor*é) +B,( O-Scoje ,85( O-SCBae
logit(C,) = a, + B,(MMscord + 3,(Z-Scorg + ,83( Z-Scor*é) +B,( O-Scoje ,85( O-ScBbe

logit (C;) = a, + B,(MMscord + 3,(Z-Scord + ,83( Z-Scoﬁé) +B,( O-Scofe ﬂs( O-Scbbe

Eacha; indicates the logit of the odds of being equabttdess than categorywhen

all independent variables are zero. Thus, theszaapts (i.e. the cut-off points between the
different ranks) will increase over

The £ determines how a one-unit increase in the indepndariable increases the

log-odds of being higher than categgryThe economic intuition suggests that with an
increase in the probability of default (increasethe MM-, Z- and O- Score} the ranking
should decrease (i.e. the cumulative probabiligt thhe ranking will be lower or equal jo

should increase) and therefore positive signs bdfoe respective betas can be expected.

3 The rankings in the sample only range from B-5 (minimum=1) to A-4 (maximum=8), which is only 8

categories. Besides the year 2003, not all of the rankings were present in the sample for the other
years and therefore, the actual number of response variables in the model ranges between 6 and 8.
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The four single-period ordered logit regressiomsthe years 2001-2004 were again
computed by the statistical software SAS. The SAfgr@am for the ordered logit regression is
in Appendix F. The SAS file “Logit.sas” as well #®e permanent datafile “Logit.sas7bdat”
are again attached (Attachment 2) for the intedesté@der to obtain the same results. The
output window has been saved as “Logit_Output.cod is included in the Attachment 2 as

well.

6.4.3. Results of the ordered logit regression with all variables

According to various statistical tekts the ordered logit model, as expected, displays
very poor performance For example, the Wald and Score Chi-Square festglobal null
hypothesis (suggesting that all of the coefficiesuts zero) could not be rejected at the 5%
level for any of the four year8> For the year 2004, SAS reports that a maximuriiticed
estimate of coefficients does not even exist. Bagethe Wald Chi-Square statistics and their
respective p-values, the absolute majority of ¢oieffit was evaluated as insignificant.

Judging by the p-values, the variables that harelly been evaluated as the best
are the original Z- and O- Score. Moreover, the sign for these two scores has beel four
years positive, which complies with the intuitiondathe increasing intercepts over ordered
values (the rankings). The relatively “best” penfiance of these traditional, accounting-based
methods is most likely caused by the constructiaihe rankings. The ranking is, just like the
Altman’s Z and Ohlson’), a scoring function computed from the financialttesments of the
company**®

What may be a little surprising is tpeor performance of these two scores with the
updated coefficients This may be caused by the fact that some of e coefficients,
which were estimated on US data, are against theoeic intuition*’

On average, the ordered logit test based on rgakiound theMerton model to be
theworst measure of credit risk assessmenTheMMscorehasn't been significant in any of
the years at the 15% level and for two years, ipe of the coefficients has been negative,
which would imply that with an increase in the defgrobability, the probability of getting a

1 For an annotated SAS output of an ordered logit regression and explanations of the various tests

and statistical issues, refer to the web pages of Columbia University:
http://www.ats.ucla.edu/stat/sas/output/sas_ologit_output.htm

15 Except the year 2003, when this hypothesis based on the Score test could be rejected.

% However, the Z-Score also incorporates a market-based measure- the market value of equity.

7 For example, the updated Z-Score implies that an increase in the Sales/Total Assets ratio leads to
an increase in the default probability.
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higher ranking is increasing. As mentioned beftie, results of the regression analysis are
not reliable and no sound conclusions can be madthar ground. . However, the actual
results suggest th#te Merton model is not a better prediction of thecompany rankings

than the accounting-based measures

6.4.4. Ordered logit regression without original Z-Score

| carried out aorrelation analysisto see the explanatory variables are correlatéa wi
each other (see Appendix G). The highest correlatare between the variabl®esandz”, Z
andz”, and betweeZ andO-Scores These high positive correlations across the auiog
based measures could have been expected as tkayutifize the same, or related, financial
ratios. Surprisingly high was the positigerrelation between the Merton model and the
original Z-Score. Based on the nonsensical high probabilities dawe generated by the
original Z-Scoreand the high correlations of this score with otherasures of credit risk
(including theMMscorg, | carried out another round ofdered logit regressions without
the original Z-Score.

The SAS file “Logit_noZ.sas” and the dataset “licggis7bdat” can be found in the
Attachment 2. The results (the SAS output windore)saved as “Logit_Output_noZ.doc.”

By excluding the originaZ-Scorefrom the regression, the performance of the model
was even worse than with t@eScore The exception was the year 2003, when the globial
hypothesis had been rejected at the 5% level by Watld and Score Chi-Square te$fsBut
generally, the biggest change caused by the erduditheZ-Scorewas that theignificance
of the MMscore increased substantiallyfor the years 2001-206% and theMMscore has
actually been evaluated as statistically significainthe 7%, 5% resp. 3% level. For these
three years, the coefficient BfMscorealso had the correct positive sign.

The results of the correlation analysis and the tegressions suggest that Merton
model and Altman’s Z-Score contain some related information Moreover, unreported
results of an ordered logit regression without Mdiscore also resulted in an overall
worsening of the model’'s explanatory power anchatdame time the significance of the
Scoreincreased considerably. Nevertheless, when botiheovariables are present, diality
of the Z-Score to explain company rankings significantly outperfems that of the

MMscore. The other accounting-based scores seem to hgkerhéxplanatory power than the

148

In this year, all variables, except the Z", came out as significant on the 10% level.
149

The regression for the year 2004 has generally the worst results and in both regressions, the
MMscore was insignificant.
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Merton model as well. This is probably caused by fifict that these scores use the same
source of information (i.e. the companies’ finahatatements) as the ranking method. But
the fact that the Merton model does not correctflect the financial situation of the
company, which determines the company rankings, @ two possible explanations. It
could be potentially caused by the inability of tfeancial markets to incorporate this
information from financial statements into the €harices. The other possibility is that the
Merton model in the simple form as proposed in thaper is unable to extract such
information from the share price development.

However, as mentioned before a few times, theessjpn analyses that have been
carried out are due to tlextremely small samplesize and the substitution of credit ratings
with simple rankings not a full-fledged assessment of quality of the vaous models.The
results should be used only for guidance purposdsi@a definite conclusions can be drawn

from these test

7. Conclusion

In the previous parts of this paper, several nasthor assessment of credit risk have
been introduced. The main focus was on the Mertodeh which deduces the probabilities
of default of individual companies mainly from tequity value and volatility. The model’s
strong assumptions, the improvements to the mosleell as the major advantages and
drawbacks of the asset-based approach have bearsshsl theoretically. Nevertheless, the
main purpose of this paper has been to explorappécability of the Merton model in the
Czech Republic, which is a relatively small countvith a relatively young and not very
liquid capital market. The main question was whettiies model will be able to predict
“reasonable” default probabilities for the 15 mastively traded non-financial companies
listed on the Prague Stock Exchange. In order t® gin answer to this question, the
computed default probabilities were confronted watihher measures of credit risk. These
measures were the traditional, accounting-basddatafs of credit risk- the Altman- and
Ohlson’sO -Scoregqwith both original and updated coefficients), tnailable credit ratings
from external rating agencies and Czech Sector Aweamnkings. .

The analysis of the results was mainly based eir thbommon sense” interpretation,

especially based on the observation of the diagrants the comparison with the “real”
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situation of the companies (represented by anremirts and financial statements) and with
the share price developments. Based on this “ruteummb” analysis | found the accounting-
based measures outperform the Merton model inlihigyato correctly identify companies in
financial distress. Moreover, in several casesMgeton model failed to correctly include
substantial movements of share prices into the uttefarobabilities of the companies
concerned. On the other hand, the Merton modeg&ctyrpredicted very low probabilities of
bankruptcy for the high-quality, blue-chip companie

In order to confirm or reject these suppositidhs, possibility of statistical testing of
the Merton model has been explored. | come to ¢timelasion that there is no ground for the
evaluation of the Merton model, which would allowstatistically reliable comparison with
other (accounting-based) measures of credit rigielheless, in order to illustrate some of
the theoretical concepts of rating models, | cayey an ordered logit regression. In the
ordered logit models, the measures of credit riskilae explanatory variables and their ability
to correctly reflect the external credit rating negents their quality. The extremely low
sample size and the use of simple and purely gasiag rankings instead of the missing
credit ratings unfortunately impede the possibility use the results of the ordered logit
regression to draw any sound results. Neverthetesgesults of this “quantitative” analysis
match the conclusions drawn in the previous, “comraense” assessment of the different
credit risk indicators. The Merton model is unatdepredict the company rankings and its
explanatory power is inferior to that of the accingprbased variables.

The original Merton model in the form describedhis paper seems to be unsuitable
for predicting default for the publicly traded Checompanies. One of the most probable
reasons is that the Czech capital market violdtesssumptions of an efficient market, which
has already been the result of some previous staidressing this issue. | find as well that
the ability of the share prices to efficiently egft financial situation and the credit quality of
the listed companies, is very doubtful.

The bottom line of this work is that the Merton aheb can potentially be used as a
source of information about the underlying credgkrfor the Czech publicly traded
companies but these probabilities are an insufftareeasure of the underlying risk and some

other measures of credit risk should be used idstéar in addition to the Merton model.
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Diploma thesis

Author: Bc. Martin PeSka
Consultant: Mgr. Magda Pe €ena, Ph.D.
Academic year: 2006/2007

The applicability of Merton’s credit risk model

to the Czech market

This diploma work will examine the problem of credit risk and the approach of
Merton’s model to its measurement. Credit risk can be defined as the possibility that
a contractual party shall not meet its obligations. All lending institutions, especially
banks, face such risk and use varying instruments to quantify and manage credit risk.
Moreover, according to national regulations, banks are obliged to keep sufficient
capital to cover the potential loss from default of debtors. At the moment, several
different approaches to credit risk measurement exist and are used by financial
institutions.

The Merton’s model is unique since it uses, unlike other credit risk models,
market value of shares to estimate the probability of default. The basic notion behind
this model is that financial statement analysis is inherently backward looking,
whereas market prices are by their nature forward looking. The model depends solely
on value of liabilities, stock value and volatility, which makes its use cost and time
efficient. But since the basic variable of the Merton’s model is the market price of
equity, some assumptions about effectiveness of the markets have to be made. The
model then employs the options theory to calculate the probability of default.

The object of this diploma work is to determine, whether the development of
share prices on the Prague Stock Exchange can be used to predict the probability of
default of selected listed companies using the basic Merton’s model. The obtained
results will then be confronted with other, more conventional methods of credit risk

measurement such as rating from rating agencies.
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Outline of the diploma work:
- Defining credit risk

- Reasons for development of credit risk models (New Basel Capital Accord)

Brief overview of currently used credit risk models

Merton’s model

- Theoretical approach
- Testing Merton’s model on the Czech market (Prague Stock Exchange)

Conclusion

Basic literature:
- Server www.defaultrisk.com
- Papers from the Institute of Economic Studies of the Charles University in Prague
- Materials from Moody’s KMV Company, for example:
- Modeling Default Risk, January 1999
- Reduced Form vs. Structural Models of Credit Risk: A Case Study of Three
Models, February 2005
- Research papers and publications of the Basel Committee on Banking Supervision,
Bank for International Settlements

- Research papers and publications of Ceska narodni banka
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Appendix A

[to's lemma

In mathematics, &s lemma is used in stochastic calculus to finddifferential of a function
of a particular type of stochastic process. Esabytilto's Lemma provides a derivative chain

rule for stochastic functions; i.e. if = f (x,t) where x is some stochastic function, what is

the derivativedf / dt? The lemma is widely employed in mathematicalrfoea

Statement of the lemma

Let x(t) be an 16 (or generalized Wiener) process. That is let
dx(t) = a(x § dt+ K x ) dW

whereW, is a Wiener process, and lé{x,t) be a function with continuous second

derivatives.

Then f (x(t),t) is also an k& process, and

_ of of 1 , 0°f of
1000, 9= ax 9T+ XL x O L e 1)L v

Informal proof

A formal proof of the lemma requires defining thechastic integral, which is an advanced
concept in between functional analysis and prolighitheory and for its complexity is not

done heré>®

Expanding f (x,t) in a Taylor series ir andt we have

2
df_af of 1o0°f

= —dx+—dt+=— dxX +....
0x ot 20X
and substitutingadt+ bdW for dx gives
of of 10%f
df =—(adt+ bdW)+— dtr=—( & dt+2 abdtdW o d¥y+....
6x( W) ot 2 90X ( W

%0 For the formal proof, see e.g. Cossin (2001).
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In the limit asdt tends to 0, thelt® and dtdW terms disappear but trV? term tends talt.

The latter can be shown if we prove that

dw? - E(sz), since E(dWZ): dt

The proof of this statistical property is howeveybnd the scope of this appendix.

Deleting thedt® and dtdW terms, substitutinglt for dw?, and collecting thelt and dW

terms, we obtain
2
df = ai+ﬁ+1bzﬂ dt+bﬂdw
ox ot 2 0x 0Xx

as requireds

90



Appendix B

Companies listed on PSE

U7

4

U7

U7

U7

4

U7

4

U7

U7

Issuer ISIN Market Trading group Reason for elimination
CETV (Central European Media Enterprises Ltd.)| BMG200452024 Main market 3 Issue after 2004

Ceska namdni plavba Cz0008413556] Official free markdt 1 Insufficient trading volume
Ceska zbrojovka CS0005029156]  Secondary markgt 1 |insufficient trading volume
CEZ, as. CZ0005112300 Main market 3 X

ECM (ECM Real Estate Investments A.G.) LU0259919230 Main market 3 Issue after 2004
Energoaqua CS0008419750]  Official free markgt 1 Insufficient trading volume
Erste Bank AG AT0000652011 Main market 3 Financial institution
Jiho&eské papirny, a.s., ¥trni Cz0005005850] Official free markdt 1 X
Jihomoravska plynarenska Cz0005078956]  Secondary markgt 1 Insufficient trading volume
Komeréni Banka, a.s. CZ0008019106 Main market 3 Financial institution

Lazné Teplice vCechéch CS0008422853)  Official free markgt 1 Insufficient trading volume
Lécebné lazré Jachymov CS0008446753]  Official free markgt 1 Insufficient trading volume|
Orco (Orco Property Group S.A.) LU0122624777 Main market 3 Issue after 2004
PARAMO, a.s. CZ0005091355] Official free markdt 1 X

Pegas Nonwovens SA LU0275164910 Main market 3 Issue after 2004

Philip Morris CR a.s. CS0008418869] Official free market 3 X

Prazska energetika, a.s. CZ0005078154] Secondary markgt 1 X

Prazska plynarenska CZ0005084350]  Secondary markgt 1 Insufficient trading volume
Prazské sluzby CZ0009055158|  Official free markdt 1 Insufficient trading volume|
RMS-Holding CS0008416251)  Secondary markgt Constant share price
SETUZA a.s. CZ0008460052]  Secondary markgt 1 X

Slezan Frydek-Mistek Cz0005018259] Official free markdt 1 Insufficient trading volume
Severomoravska plynarenska, a.s. CZ0005084459]  Secondary markgt 1 X

SPOLANA a.s. CS0008424958]  Secondary market 1 X

Spolek pro chemickou a hutni vyrobu, a.s. CZ0005092858| Official free markgt 1 X
Stredoteskéa plynarenska, a.s. Cz0005078659]  Secondary markgt 1 X

Telefénica O2 Czech Republic,a.s. CZ0009093209 Main market 3 X

TOMA, a.s. CZ0005088559] Official free markdt 1 X
UNIPETROL, a.s. CZ0009091500 Main market 3 X
VVychodoteska plynarenska, a.s. CZz0005092551]  Secondary markdt 1 X
Zapadoteska plynarenska Cz0005078758]  Secondary markgt 1 Insufficient trading volume
Zentiva a.s. NL0000405173 Main market 3 X

Note: For definitions of the market types and tgdjroups see www.pse.cz
Telefénica O2 Czech Republic,a.s. issiecessor afesky Telecom, a.s. after the acquisition by Telieiim 2005

[ ]

These companies have been sele¢@durther analysis
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Appendix C

Development of share prices for the 15 analyzed com  panies in 2001-2006

CEZ, as. Jiho €eské papirny V étfni, a.s.
120
1 200
100
1 000 -
800 | 801
600 | 601
400 - 401
200 | 20 1
0 . . . . . 0 T T T T T
1/1/2001 1/1/2002 1/1/2003 1/1/2004 1/1/2005 1/1/2006 1/1/2001 1/1/2002 1/1/2003 1/1/2004 1/1/2005 1/1/2006
PARAMO, a.s. Philip Morris CRa.s.
2000 25000
1800 -
1600 - 20 000 A
1400 -
1200 - 15 000 -
1000 -
800 4 10 000 -
600 -
400 5000 A
200 H
0 T T T T T 0
1/1/2001 1/1/2002 1/1/2003 1/1/2004 1/1/2005 1/1/2006 SETUZA as.
Prazskéa energetika, a.s. 700
6 000
600 -
5000 -
500 -
4000 - 400 -
3000 - 300 H
2000 - 200 1
100 A
1 000 -
0 T T T T T
0 T T T T T 1/1/2001 1/1/2002 1/1/2003 1/1/2004 1/1/2005 1/1/2006
1/1/2001  1/1/2002 1/1/2003 1/1/2004 1/1/2005 1/1/2006
p . . SPOLANA a.s.
Severomoravska plynarenska, a.s. 300
6 000
5000 2501
4000 - 2001
3000 1501
2000 100 1
1000 - 501
0 T T T T T 0 ‘ ‘ ‘ ‘ ‘

112001 1/1/2002 1/1/2003 1/1/2004 1/1/2005 1/1/2006 1/1/2001 1/1/2002  1/1/2003 1/1/2004 1/1/2005 1/1/2006
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Spolek pro chemickou a hutni vyrobu, a.s.

Stfedo éeska plynarenska, a.s.

500 9 000
450 1 8000 |
400 1 7000 -
350 -
6 000 |
300 -
250 5000 -
200 | 4000 -
150 A 3000 -
100 1 2000
50 1 1000 |
0 ‘ ‘ ‘ ‘ ‘ 0 ‘ ‘ ‘ ‘ ‘
1/1/2001  1/1/2002  1/1/2003  1/1/2004  1/1/2005  1/1/2006 1/1/2001 1/1/2002  1/1/2003 1/1/2004 1/1/2005 1/1/2006
Telefénica 02 Czech Republic,a.s. TOMA, as.
600 500
450 -
500 400
400 | 350 1
300 -
300 - 250 -
200 -
200 - 150 |
100 - 100 1
50
0 ‘ ‘ ‘ ‘ ‘ 0 : : : : :
1/1/2001  1/1/2002  1/1/2003 ~ 1/1/2004  1/1/2005  1/1/2006 1/1/2001  1/1/2002  1/1/2003  1/1/2004 1/1/2005  1/1/2006
UNIPETROL, a.s. Vychodo ¢eska plynarenska, a.s.
350 7000
300 1 6000 |
250 - 5000
200 1 4000 |
150 - 3000
100 - 2000 |
50 1 1 000
0 ; ‘ ‘ ‘ ‘ 0 ‘ ‘ ‘ ‘ ‘
1/1/2001  1/1/2002  1/1/2003  1/1/2004  1/1/2005  1/1/2006 112001 1/1/2002 1/1/2003 1/1/2004 1/1/2005 1/1/2006
Zentiva a.s.
1400
1200
1000
800 -
600 -
400
200 -
0 ‘ ‘ ‘ ‘ ‘
1/1/01 1/1/02 1/1/03 1/1/04 1/1/05 1/1/06
ZEA]L 28é2 EéBS 28-84 ZEAS 288?-
151

Note: Zentiva a.s. has been listed in June 2004.
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Appendix D

The SAS code for computing default probabilities

/*Annual probabilities of default for 15 companies listed on PSE™/

/*Choose the directory with the dataset ssd.Merton* /
LIBNAMEssd 'C:\SAS\

dat a temp;
set ssd.Merton;
divrate = (dividends)/(e + f) ;
if divrate < 0 then divrate =
if divrate > 1 then divrate = o
f=f/  10000000;
e=e/ 10000000;
dividends=dividends/ 10000000;
v=f+e;
va = ve*e / (f+e);
t= 1.0;

*/ Simultaneously estimates the asset values "v" an d volatility of firms'
assets "va" /;

proc nodel data =temp MAXERRORS noprint ;
by comp year ;
bounds 0 <v va;

eq. cal | = v*exp(-divrate*t)*probnorm(((log(v / f)
+ t*(r - divrate + va ** 21 2))/ (va*sqrt(t)))
- f* exp(-r * t) * probnorm(((log(v / f)
+ t*(r -divrate - va** 21 2))) I (va * sgrt(t))) + ( 1-exp(-divrate*t))-e;
eq. hedge = (va * v/ e)* (exp(-divrate*t)) * probnorm(((log (v/f)
+t* (r - divrate + va** 21 2))/ (va*sqgrt(t)))-ve ;
solve vva
/ out = ssd.Results maxiter = 50 maxsubit= 20 ;

id name comp year r dividends divrate fe ve vva ;
run;

proc sort data =ssd.Results;
by comp year;
run;

*/Computes the asset drift "mu'/;

dat a ssd.Results;
set ssd.Results;
complag = lag(comp) ;
yearlag = lag(year) ;
tempvar = lag(v) ;
if (comp = complag and year = yearlag + 1) then vlag = tempvar ;
else vlag= v;
mu = (v + dividends - vlag) / v ;
if mu<r then mu=r;
if mu>1 then mu=1;
if vlag= . then mu-=
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*/Computes the probability of default "DPmm"/;

if _errors_= 0 then mmtempl = ((log(v/f)
+t* (mu - divrate - va** 21 2))/ (va*sqrt(t));
if _errors_= 0 then dpmm = 1-probnorm(mmtempl) ;

*/Computes and trims "MMscore"/;

mmtemp2 =dpmm/( 1 -dpmm);
mmscore = log(mmtemp?2) ;

if dpmm < 0.000001 then mmscore =- 13.8155;
if dpmm > 0.999999 then mmscore = 13. 8155;
if dpmm= . then mmscore= .;
run;
*/Computes distance-to-default "DD", credit spread "cs" and loss given

default "LGD"/;
dat a ssd.Results ;
set ssd.Results;

DD=(log(v / f)+ t * ( mu - divrate - va** 21 2))/(va*sqrt(t);
cs=-(1/t)*log (probnorm((log(v / f)+ t*(mu - divrate -va** 2/ 2))/(va*
sgrt(t)))+ v*probnorm(-(log(v / f)+ t*(mu - divrat e+var* 2/ 2))/

(va * sgrt(t))/(f * exp(-r * t)));

drop _type_ _mode_ _errors_ tempvar mmtempl mmtemp2 complag t
yearlag vlag;

if year= 2000 then delete ;
run;
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Appendix E

Company hame Year DPmm Y Mscore 0D Jredit spread
2001 | 0.001632076] -6.416268909] 2.941701 5.28035E-05)
2002 | 2.98987E-05] -10.41766557] 4.013609 7.90849E-07|
M 2003 0 -13.8155] 9.073269 0|
CEZ as. 2004 0 713.8155]_8.306124 0
2005 | 1.66533E-15] -13.8155]  7.87616 6.66134E-16|
2006 | 3.44169E-15] -13.8155] 7.787589 6.66134E-16]
2001 | 0.006753434] -4.990927838] 2.470118 0.000300537|
o . L 2002 | 7.01922E-07| -13.8155] 4.824458 1.61164E-08|
Jiho €eské papirny V étini, 2003 | 0.001790875] -6.323258531| 2.912825 4.77067E-05
a.s. 2004 | 0.000457665] -7.688916034] 3.315336 0.000119199)
2005 | 0.011911662] -4.418254182] 2.259967 0.000903232]
2006 [ 0.005937832] -5.120455603] 2.515818 0.000355152
2001 | 6.21493E-05] -9.685909332] 3.83749 4.18559E-07|
2002 | 0.000367746] -7.907749828] 3.375995 6.76149E-06|
2003 0 -13.8155] 9.402036 0|
RARIN, &5 2004 | 1.85233E-07| -13.8155] 5.083539 1.38862E-08|
2005 | 0.001103281] -6.808363362] 3.060923 0.000123419)
2006 | 4.34156E-05]  -10.0446478] 3.924718 2.9559E-06|
2001 0 -13.8155] 10.9132 0|
2002 | 5.07372E-13 -13.8155] 7.128481 9.9809E-14
o ! 2003 0 -13.8155] 9.276598 -0|
Philip Morris R a.s. 2004 | 6.32827E-14] -13.8155] 7.409622 -2.22045E-16
2005 | 7.77156E-16] -13.8155] 7.972875 0|
2006 | 6.14362E-10) -13.8155]  6.07645 -4.91986E-11
2001 | 1.98308E-12| -13.8155] 6.938381 -5.55112E-14
2002 | 1.13028E-05] -11.39045182] 4.237467 3.17621E-07]
. B 2003 0 -13.8155] 13.23327 0|
Prazska energetika, a.s. 2004 0 -13.8165] 11.87118 0|
2005 0 -13.8155] 10.62815 -0|
2006 0 -13.8155] 12.62248 -0
2001 | 2.41013E-09) -13.8155] 5.853261 7.39349E-11]
2002 | 0.001061576] -6.846938332] 3.072442 5.64569E-06)
2003 | 8.56871E-05] -9.364722928] 3.757858 4.98798E-07|
SETUZAas. 2004 | 8.88178E-16] -13.8155] 7.961414 1.11022E-16]
2005 | 1.10522E-11] -13.8155] 6.691401 5.22915E-14]
2006 | 1.33958E-08] -13.8155] 5.561206 1.20945E-10)
2001 | 1.31724E-06] -13.53997045] 4.697436 1.18684E-07|
i 2002 4.616E-08 -13.8155] 5.341226 4.6767E-09
Severomoravska 2003 0 -13.8155] 39.35274 0|
plynérenské\' a.s. 2004 0| -13.8155| 9.655617 -0)
2005 0 -13.8155] 13.28749 -0|
2006 0 -13.8155] 10.35998 0|
2001 | 0.004853547]  -5.32318012] 2.586092 9.76392E-05|
2002 | 0.000424352] -7.764522804] 3.336402 1.72545E-05)
2003 | 1.02575E-08] -13.8155] 5.607602 4.95083E-11]
SROLANAA'S. 2004 | 1.25078E-05] -11.28914888] 4.21466 1.24365E-07|
2005 | 0.002486535] -5.994375332] 2.808773 0.000313345)|
2006 [ 0.000331714] -8.010905059] 3.404263 8.64047E-06]
2001 | 0.003042908] -5.791894077| 2.743122 9.57797E-05|
) 2002 0.00345656] -5.664018744 2.701001 0.000119344]
Spolek pro chemickou a 2003 4.12899E-08 -13.8155] 5.361399 4.54128E-09
hutni vyrobu, a.s. 2004 5.9952E-14 -13.8165]  7.41698 1.79856E-14]
2005 5.778E-07] -13.8155] 4.863102 2.03663E-07|
2006 [ 0.000695528] -7.270143595]  3.1965 3.0625E-05
2001 | 3.08695E-06] -12.68832524] 4.520345 4.57713E-07|
o i . 2002 | 3.45879E-12| -13.8155] 6.859346 3.24518E-13]

Stiedo ¢eska plynarenska, 2003

a.s. 2004 | 1.11022E-16) -13.8155] 8.22548 -0|
2005 | 4.36873E-13) -13.8155] 7.149065 4.04121E-14)
2006 | 2.22045E-16] -13.8155] 8.131156 0|
2001 | 0.001695619] -6.378010579] 2.929852 0.000149481]
o 2002 8.123E-06] -11.72080316] 4.311079 4.38761E-07|
Telefénica O2 Czech 2003 3.1411E-06] -12.67093556] 4.516662 3.45085E-07|
Republic,a.s. 2004 | 8.21565E-15) -13.8155] 7.675489 1.11022E-16]
2005 0 -13.8155] 14.50474 0|
2006 0 -13.8155] 8.978872 -0
2001 | 0.000604869] -7.409894296] 3.236574 5.08613E-05|
2002 | 1.09851E-10) -13.8155] 6.346896 3.08031E-12]
2003 0 -13.8155] 13.32625 0|
Ve, as 2004 0 ~13.8155] 11.00172 0
2005 0 -13.8155] 8.411338 -0|
2006 0 -13.8155] 12.65533 -0
2001 | 0.000461112] -7.681408398] 3.313238 1.7585E-05)
2002 0.00412461] -5.486650645] 2.641695 0.000168696|
2003 | 1.44551E-12) -13.8155] 6.982929 2.82441E-13]
UNIPETROL, a.s. 2004 | 5.77538E-13) -13.8155] 7.110653 1.22125E-14]
2005 | 6.84003E-07] -13.8155]  4.82961 2.85512E-07|
2006 | 5.69544E-13] -13.8155] 7.112579 2.24265E-14]
2001 | 3.61933E-14] -13.8155] 7.483659 4.21885E-15|
. L } i 2002 | 1.75584E-07] -13.8155] 5.093686 2.56646E-08|
Vychodo €eska plynarenska, | 2003 0 -13.8155]  9.11228 -0
a.s. 2004 0 -13.8165] 19.22611 0|
2005 0 -13.8155] 12.49849 -0|
2006 0 -13.8155] 16.33661 -0
2004 0 -13.8155] 15.89448 -0|
Zentiva a.s. 2005 0 -13.8155] 8.626581 0|
2006 0 -13.8155] 8.384504 0|

Note: Observations are missing for Sttedoceska Plynarenska in 2003 because of the zegguity volatility



Appendix F

SAS code for ordered logit regression

*Ordered logit regression for 15 companies;

LIBNAMEssd 'CA\SAS\' ;

/*'Choose the directory with the dataset ssd.logit'

*QOrdered logit regression in 2001;
dat a logit2001 ;

set ssd.logit;

if yearne 2001 then delete

proc | ogistic data =logit2001;
model rank =Z ZU O OU MM;
run;

*Ordered logit regression in 2002;
dat a logit2002 ;

set ssd.logit;

if yearne 2002 then delete

proc | ogistic data =logit2002;
model rank =Z ZU O OU MM;
run;

*QOrdered logit regression in 2003;
dat a logit2003;

set ssd.logit;

if yearne 2003 then delete

proc | ogistic data =logit2003;
model rank =Z ZU O OU MM;
run;

*Ordered logit regression in 2004;
dat a logit2004;

set ssd.logit;

if yearne 2004 then delete

proc | ogistic data =logit2004;
model rank =Z ZU O OU MM;
run;
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Appendix G

Correlations between variables

2001
2001 Z ZU O ou MM
Z 1
ZU 0.727231 1
®) 0.585674 ] 0.879331 1
ou -0.229681| -0.5067 [-0.239079 1
MM 0.523281 ] 0.132684 | -0.137902| -0.100218 1
2002
2002 Z ZU ©) ou MM
Z 1
ZU 0.239555 1
O 0.4049 | 0.839792 1
ou -0.493936] -0.080043 -0.268686 1
MM 0.126757] 0.376125] 0.120437 | 0.571159 1
2003
2003 Z ZU O ou MM
Z 1
ZU 0.489253 1
O 0.511522 ] 0.698866 1
ou -0.390602]-0.091109(-0.064904 1
MM 0.698035] 0.175288 | 0.064184 | -0.668859 1
2004
2004 Z ZU O ou MM
Z 1
ZU 0.890359 1
®) 0.72161 | 0.671874 1
ou -0.061492] 0.083146 | 0.18135 1
MM 0.428663 | 0.168881 | 0.319376 | -0.446738 1

Note: Because of the missing values, the observations for Spolek chemické a hutni vyroby in 2002
and for Stfedoceské plynarenska 2003 have been ommited from the correlation analysis
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